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1 Introduction 

This deliverable presents an advanced control technique for a complex heating, cooling and 
domestic hot water (DHW) system with solar thermal collectors for a residential building, which 
aims to achieve optimal and efficient energy use by exploiting hourly electricity tariffs, weather 
forecast and applying machine learning algorithms to identify typical occupant behaviour and 
the behaviour of the system. 

More precisely, in order to minimize peak-load times, heat-losses and electricity cost, a model-
based predictive control approach has been applied. Main control aims and control scheme 
have been presented in Chapter 0. The control can be divided into three levels: high-level 
control, low-level control and back-up control. High-level control searches for an optimal control 
input based on prediction of the system on a finite horizon obtained by a simplified system 
model and weather forecast. Low-level control proofs the control input obtained by the high-
control for possible risks to system operation. Back-up control is only activated if the control 
input obtained from the high-low control sequence is missing or faulty.  

The implementation of a model predictive control can be divided into two main tasks: system 
modelling and an optimization problem. For the modelling of the system, artificial neural 
networks have been utilized and the used approach has been described in detail in Chapter 0. 
Genetic algorithm which is used to solve the constrained non-linear optimization problem of 
the model predictive control is addressed in Chapter 0.  

 

Considering the speed with which the advancements in the computer technology and 
communication have been made in the last decades, and which can be expected in the near 
future, it becomes clear that the possibilities to develop and implement real-time complex 
control strategies in buildings are countless. These advanced control strategies can be utilized 
to address many of the present day challenges ranging from reliability and efficiency issues of 
the utility grid (such as integrating intermittent renewable energy sources and distributed 
producers, meeting the demand in the peak times, etc.) to ever-growing necessity to reduce 
greenhouse emissions. It can be expected that in the future, the consumers will become more 
active part of the solution for resolving these issues. For example, electricity is consumed 
mostly at those times of the day, when its price on the electricity markets is at its highest. 
Therefore, in order to reduce the cost of the electricity, it would be beneficial if the utility 
company would inform building controllers about the electricity prices, which could then act 
accordingly to shift its consumption to off-peak times, by utilizing various storage units (like 
storage tanks and building envelope). This “arrangement” is in the best interest of both utility 
companies, ESCOs and the consumers. However, at the moment, the evolution of electricity 
prices is still unknown to a conventional building controller. Since building energy use accounts 
for as high as 40% of total energy consumption, it is evident that by applying peak shaving, 
utilizing thermal storage, load-shifting in the buildings, the problems mentioned above could 
be efficiently resolved. 

Model-based predictive control (MPC) for building HVAC systems has already proven to be 
efficient. Prívara et al. (2011) have tested an MPC scheme on a heating system of a university 
building in Prague for two months in winter. While there was no change in thermal comfort, 
experimental results prove the supremacy of predictive controller over a well-tuned weather-
compensated control, with energy savings of 17–24%. Ma et al. (2012) performed an 
experimental testing on building of University of California, where MPC has been applied on 
building’s HVAC system consisting of a storage tank, heat pumps, chillers and cooling towers. 
As a result, plant coefficient of performance (COP) improved by 19%, which corresponds to a 
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total of US$1,280 weekly savings compared to the original baseline control logic. Sturzenegger 
et al. (2013) apply MPC to determine optimal set-points for the TABS system of a Swiss office 
building. Experimental results imply significantly better control performance in terms of both, 
energy usage and comfort, and simulations imply savings of about 17% on non-renewable 
primary energy and about 17 % on monetary cost (Gwerder et al. 2013). With the goal to 
reduce peak cooling demand, MPC control was utilized on the Energy Resource Station 
building of the Iowa Energy Centre. Testing of the MPC on the building was conducted over 
two weeks in August. Experimental results show approximately 30% reductions in peak cooling 
load compared to traditional control. Here, load-shifting was possible thanks to employment of 
building’s thermal mass. Another valuable application of MPC on a mid-size commercial 
building is given by (Bengea et al. 2012). The demonstration site was an Engineers 
Construction Engineering Research Laboratory building of the U.S. Army Corps of Engineers, 
in Illinois. Building has a centralized dual-duct multi-zone AHU that receives hot water from 
boiler plants and chilled water from central chiller. Experimental data show average reduction 
of peak power by 25%, and 60-85% reduction in HVAC system energy use compared to state-
of-the-art DDC system sequence of operations. 

In the next chapters, we present an MPC control strategy applied to residential buildings and 
districts. 
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2 Control strategy for H&C and DHW system 

The main goals of the control are presented in this chapter, as well as the appropriate control 
structure for the system has been given. Moreover, model-based predictive controller for 
heating, cooling and DHW system has been introduced and an appropriate cost function 
defined. 

2.1 Control scope and aim 

The control strategy considered in this report focuses on the residential sector. Developed 
control strategies foresee application on the level of the building and the whole residential 
block. Unlike office buildings, the scope of the control is somewhat limited:  

• Control of indoor air temperature set-point is directly under control of occupants, and 
therefor out of control scope 

• Thermal storage tank temperatures may be controlled 

 

The proposed control aims to reach an optimal trade-off between the following goals: 

1. Energy efficiency. The proposed control strategy should meet the heating, cooling and 
DHW demand while reducing total electric energy consumed and minimizing heat losses 
in the system. 

2. Reduction of the peak consumption. With ever increasing consumption of electric energy, 
peak consumption periods present a challenge for utility companies and the power grid. 
Shifting the loads from periods with high electricity consumption in the power grid to periods 
with lower consumption is in the interest of the electricity utility company. 

3. Reducing operating cost. The total monetary cost for the system operation should be 
minimized as much as possible without compromising system performance. It could 
therefore be beneficial to use hourly electricity rates and night tariffs. 

4. Reliability. The system should be able to meet the heating, cooling and DHW demand at 
any time and it should be able to adjust to any behaviour of the occupants. 

 

It should be noted that these goals may be conflicting, e.g. reducing the total operating cost by 
setting lower set-points for the storage units may lead to loss of reliability, where demand might 
not be met. Therefore, we need to solve a multi-criteria (multi-objective) optimization problem 
where more than one function needs to be optimized simultaneously. In the following sections, 
these goals will be expressed in form of a multi-objective cost function. 

2.2 Control scheme 

The control scheme can be divided into following levels: 

• High level controller: At this level, the focus is on identifying control inputs which optimally 
satisfy the goals specified in the Subsection 2.3. For this purpose, model-based predictive 
control (MPC) is applied. Based on a simplified model of the system and weather 
prediction, system states can be estimated over a chosen (finite) prediction horizon. Then, 
a constrained optimization problem is solved to find the control input sequence which 
minimizes appropriately chosen cost function over the finite horizon. This procedure is 
explained in more detail in Subsection2.3. 
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• Low level controller. Before the control input set by the high-level controller should be 
performed by the system, this input is controlled by the low-level controller for possible 
risks to the system operation. 

• Back-up control strategy. Back-up level of control is activated only when the control input 
from high-low level control sequence is not available or faulty. Such scenarios are possible 
in case of communication losses, unavailability of the weather forecast, error in the system 
models, non-convergence of controller algorithms, and other. 

 

 

Figure 1. Flow diagram for storage control 

 

It should be noted that these control levels are implemented on different time-scales: while 
high-level controller updates its control inputs with a time step of 15 minutes, low-order control 
which is responsible for the operational safety needs to run more often. Described levels of 
storage control are presented in Figure 1. 

While the high-level controller is much more complex than the low-lever controller, this does 
not mean that it is hierarchically placed higher. It is actually the low-order controller that makes 
the final decision on the control input to the system. Due to complexity of the high-level 
controller, possible faults need to be considered. For this reason, all its outputs are proofed 
twice: once by the low-level controller, and once again by back-up control. The goal is to make 
the proposed control strategy as robust as possible, since reliability of the system is considered 
a top priority. 

2.3 High-level control: Model predictive control 

In this subsection, we give a description of a general model-based predictive methodology in 
the context of thermal storage tank control. As already clear from its name, a model of the 
system is essential for realization of the method. Definition of the relevant system states and 
control inputs need to be done. Let us assume that the vector 𝑥 denotes the system state: 

𝑥 = [𝑇𝑇𝑆1
 𝑇𝑇𝑆2

…𝑇𝑇𝑆𝑛
 𝑇𝐿𝑇𝑆1

…𝑇𝐿𝑇𝑆𝑙
 𝑇𝑆𝐶,𝑜𝑢𝑡]

⊤
 

Here 𝑇𝑇𝑆𝑖
 and 𝑇𝐿𝑆𝑗

 represent temperatures of the 𝑖-th central storage tank and the  𝑗-th local 

storage tank (possible including more than one stratification layer temperature), and 𝑇𝑆𝐶,𝑜𝑢𝑡  is 

the outlet temperature of the solar collectors. Let 𝑢 denote the vector with control inputs: 
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𝑢 = [ �̇�𝐻𝑃,𝑇𝑆1
 … �̇�𝐻𝑃,𝑇𝑆𝑛 �̇�𝐿𝑇𝑆1

 … �̇�𝐿𝑇𝑆𝑙
]⊤ 

Here, �̇� denotes heat flow to central and/or local thermal storages which are located in each 
dwelling. Further, let us assume that the system can be described by a simplified non-linear 
discrete state-space model: 

𝑥(𝑡𝑘+1) = 𝑓(𝑥(𝑘), 𝑢(𝑘), 𝑧𝑤𝑒𝑎𝑡ℎ𝑒𝑟(𝑘)) 

Here 𝑧 denotes the vector with relevant weather data: 

𝑧𝑤𝑒𝑎𝑡ℎ𝑒𝑟 = [𝑇𝑒𝑥𝑡  𝐼𝑠𝑜𝑙𝑎𝑟 𝑟𝐻]⊤ 

Here 𝑇𝑒𝑥𝑡 denotes the external air temperature, 𝐼𝑠𝑜𝑙𝑎𝑟 global solar irradiance, and 𝑟𝐻 relative 
humidity. Therefore, at each time step, system state at next time step is calculated as a function 
of the current system state, control input and weather conditions. Time is discretized with time 
step Δ𝑡 and let 𝑁 Δ𝑡 be the length of the prediction horizon. The cost function to be minimized 
is defined as follows: 

𝐽(𝑢) = 𝑤𝑒𝑙 ∑ 𝑐𝑒𝑙(𝑡𝑗)𝐸𝑒𝑙(𝑡𝑗)

𝑘+𝑁−1

𝑗=𝑘

+ 𝑤𝑝𝑒𝑎𝑘 max
𝑘≤𝑗𝑘+𝑁−1

𝑃𝑒𝑙(𝑡𝑗) + 𝑤𝑙𝑜𝑠𝑠 ∑ �̇�𝐻𝐿(𝑡𝑗)

𝑘+𝑁−1

𝑗=𝑘

+ 𝑤𝑟𝑒𝑙 ∑ max{0, 𝑇𝑜𝑝𝑡 − 𝑇𝑆𝑇(𝑡𝑗)}

𝑘+𝑁−1

𝑗=𝑘

 

The cost function is defined to incorporate goals set in Subsection 2.1 on the finite prediction 
horizon [𝑡𝑘 , 𝑡𝑘+𝑁−1]. First term represents the total electricity cost over the prediction horizon. 

Here electric consumption at each time 𝐸𝑒𝑙(𝑡𝑗) is multiplied by the electricity price 𝑐𝑒𝑙(𝑡𝑗) at 

time 𝑡𝑗, and summed over the whole prediction horizon. The electricity prices are assumed to 

be provided by the utility company. The second term represents the peak consumption over 
the horizon, the third terms represents the total heat losses, while the last term represents the 
drop of the storage tank temperature under the chosen optimal temperature, again summed 
over the whole horizon. This last term can be added in order to ensure that demand is met at 
any time, without exception, where 𝑇𝑜𝑝𝑡 is chosen based on many criteria like the size of the 

tanks and demand, hour of the day, etc. Each of these terms is multiplied by a weight 
coefficient 𝑤 which are used to adjust the priority of each goal: those goals which are more 
important have larger weights. Similarly, each of the terms in the cost function can also be 
omitted if not relevant. To summarize, the following optimization problem needs to be solved 
at each time step 𝑡𝑘: 

min
𝑢

𝐽(𝑢)  

0 ≤ 𝑢(𝑡𝑘+𝑗) ≤ 𝑢𝑀𝐴𝑋,     𝑗 = 0,… ,𝑁 − 1  

𝑥𝑀𝐼𝑁 ≤ 𝑥(𝑡𝑘+𝑗) ≤ 𝑥𝑀𝐴𝑋,     𝑗 = 0,… ,𝑁 − 1 

𝑥(𝑡𝑘) = 𝑥0 

 

It should be noted that this is a non-linear constrained optimization problem, since the state 
space model is non-linear and the heat flows and storage temperatures are bounded. Once 
that optimal control sequence on the finite horizon  [𝑢𝑘 …𝑢𝑁−1] has been determined, only the 
control action 𝑢𝑘 at current time 𝑡 = 𝑡𝑘 is executed, and the whole optimization process is 
repeated for the next time step 𝑡 = 𝑡𝑘+1. This is called the receding horizon approach (see 
Figure 2). This way, feedback is introduced in the control strategy, since at the next time step, 
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new optimal control is calculated using the new measured state, ensuring that all disturbances 
acting on the system have been accounted for.  

 

 

 

Figure 2. Receding horizon principle for MPC 

 

Presented methodology refers to general state and input vectors, and it is applicable to each 
of the possible configurations designed in the Deliverable 2.10 part A (Dipasquale 2017). For 
more details on model predictive control, the reader is referred to (Camacho and Bordons 
2004). 

2.4 Evaluating energy saving potential 

In this subsection, we want to understand how big the potential of the energy saving is, when 
utilizing predictive control strategies. In particular, we want to minimize the total electricity 
consumption of the HVAC system assuming that we know exact weather and DHW demand 
on each prediction horizon. This solution then represents the best heat flow scenario. We 
perform this analysis for the Rome demo case. The system under consideration is a residential 
building consisting of five staircases. Each staircase is equipped with a centralized hot water 
production system comprising a heat pump and solar collector field for generation of thermal 
energy which is stored in a stratified central tank. From here, thermal energy is distributed to 
each apartment for DHW and heating. Apartments are supplied with a smaller, local storage 
tank for DHW. The configuration of this system is shown in Figure 3. Demo case DHW and 
HVAC system. The total number of apartments per staircase is 16. 
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Figure 3. Demo case DHW and HVAC system 

Traditionally, control strategy for a centralized generation and storage system in residential 
buildings does not coordinate and optimize between different HVAC system’s components, but 
instead each generation and distribution loop is controlled separately. In addition, traditional 
control (TC) strategies for centralized large buildings do not consider weather forecast for the 
day ahead, and do not consider reducing the peak load consumption. We assume that TC 
considers a simple differential controller with hysteresis for charging of the central DHW, 
heating and local storage tanks. Let the set-points and hysteresis be given as in Table 1. 

 

Table 1. Typical set-points of the traditional control strategy 

 DHW tank Heating tank Local storage tank 

Setpoint 45°C 35°C 42°C 

Upper deadband 5°C 5°C 5°C 

Lower deadband 0°C 0°C 0°C 

 

For the purpose of demonstrating the advantages of the proposed control strategy compared 
to the traditional ones by means of simulation, we develop a simplified thermal model of the 
building's HVAC system and indoor conditions based on RC-thermal modelling (see 
Deliverable 4.4 for more details).  

Let the heat flow from solar collectors and heat pump to central DHW tank be denoted by �̇�𝑠𝑜𝑙𝑎𝑟
𝐷𝐻𝑊  

and �̇�𝐻𝑃
𝐷𝐻𝑊. Hence the total heat supplied to central DHW tank equals: 

�̇�𝑠𝑢𝑝𝑝
𝐷𝐻𝑊 =  �̇�𝑠𝑜𝑙𝑎𝑟

𝐷𝐻𝑊 + �̇�𝐻𝑃
𝐷𝐻𝑊 
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Total demand to the central DHW tank equals the sum of the heat flows delivered to each local 
DHW storage from the central DHW tank: 

�̇�𝑑𝑒𝑚
𝐷𝐻𝑊 =  ∑ �̇�𝑠𝑢𝑝𝑝

𝑗,𝐷𝐻𝑊
16

𝑗=1
  

Here �̇�𝑠𝑢𝑝𝑝
𝑗,𝐷𝐻𝑊

 denotes the heat flow delivered to 𝑗th local DHW storage. On the other hand, 

central storage tank for heating is only supplied by heat pump, hence: 

�̇�𝑠𝑢𝑝𝑝
𝐻 = �̇�𝐻𝑃

𝐻  

Similarly, the demand to the central heating tank equals the sum of the heating demand for 
each apartment: 

�̇�𝑑𝑒𝑚
𝐻 =  ∑ �̇�𝑠𝑢𝑝𝑝

𝑗,𝐻
16

𝑗=1
 

Here �̇�𝑠𝑢𝑝𝑝
𝑗,𝐻

 represents the heating supplied to 𝑗th apartment.  

 

Figure 4. Single-temperature layer tank 

 

In this analysis, we assume a simplified case where all of the tanks in the system have only 

one temperature layer. Let the total heat flow supplied to a tank be denoted by �̇�𝑠𝑢𝑝𝑝𝑙𝑦 while 

�̇�𝑑𝑒𝑚𝑎𝑛𝑑 denotes demand heat flow taken from the tank (Figure 4). Let 𝑐𝑝 and 𝜌 denote specific 

heat and density of water, 𝑉 be the tank volume and ℎ be the heat loss (thermal conductivity) 
coefficient of the tank. Simplified differential equation for the storage tank temperature now 
reads: 

𝑐𝑝 𝜌 𝑉 �̇� = �̇�𝑠𝑢𝑝𝑝𝑙𝑦 − �̇�𝑑𝑒𝑚𝑎𝑛𝑑 − ℎ (𝑇 − 𝑇𝑎𝑚𝑏) 

 

Here, 𝑇𝑎𝑚𝑏 is the heat loss temperature of the tank. To discretize this differential equation 

on [𝑡0, 𝑡0+𝑇], we divide the time interval into 𝑆 equal time steps Δ 𝑡 ∶=
𝑇

𝑆
, where 𝑡𝑘 ∶=  𝑡0 +  𝑘 Δ 𝑡  

for 𝑘 =  0, 1, … , 𝑆. Assuming that �̇�𝑠𝑢𝑝𝑝𝑙𝑦 , �̇�𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑇𝑎𝑚𝑏 are constant on interval  (𝑡𝑘, 𝑡𝑘+1), 

the solution satisfies: 

 

𝑇(𝑡𝑘+1) = 𝐴𝑡𝑎𝑛𝑘 (�̇�𝑠𝑢𝑝𝑝𝑙𝑦(𝑡𝑘) − �̇�𝑑𝑒𝑚𝑎𝑛𝑑(𝑡𝑘)) + 𝐵𝑡𝑎𝑛𝑘 𝑇(𝑡𝑘) + 𝐶𝑡𝑎𝑛𝑘 𝑇𝑎𝑚𝑏(𝑡𝑘). 

  

The constants 𝐴𝑡𝑎𝑛𝑘, 𝐵𝑡𝑎𝑛𝑘 and 𝐶𝑡𝑎𝑛𝑘 for each tank are defined as: 
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𝐴𝑡𝑎𝑛𝑘 = 
1

ℎ
(1 − 𝑒

− 
ℎ

𝑐𝑝 𝜌 𝑉
 Δ𝑡

) 

𝐵𝑡𝑎𝑛𝑘 = − 𝑒
− 

ℎ
𝑐𝑝 𝜌 𝑉

 Δ𝑡
 

𝐶𝑡𝑎𝑛𝑘 =  1 − 𝑒
− 

ℎ
𝑐𝑝 𝜌 𝑉

 Δ𝑡
 

 

Applying this solution formula to central DHW tank we have: 

 

𝑇𝐷𝐻𝑊(𝑡𝑘+1) = 𝐴𝐷𝐻𝑊,𝑐  (�̇�𝑠𝑜𝑙𝑎𝑟
𝐷𝐻𝑊(𝑡𝑘) + �̇�𝐻𝑃

𝐷𝐻𝑊(𝑡𝑘) − ∑ �̇�𝑠𝑢𝑝𝑝
𝑗,𝐷𝐻𝑊(𝑡𝑘)

16

𝑗=1
) + 𝐵𝐷𝐻𝑊,𝑐  𝑇

𝐷𝐻𝑊(𝑡𝑘)

+ 𝐶𝐷𝐻𝑊,𝑐  𝑇𝐷𝐻𝑊,𝑎𝑚𝑏(𝑡𝑘) 

 

For the central heating tank holds: 

 

𝑇𝐻(𝑡𝑘+1) = 𝐴𝐻,𝑐  ( �̇�𝐻𝑃
𝐻 (𝑡𝑘) − ∑ �̇�𝑠𝑢𝑝𝑝

𝑗,𝐻
16

𝑗=1
) + 𝐵𝐻,𝑐  𝑇

𝐻(𝑡𝑘) + 𝐶𝐻,𝑐  𝑇𝐻,𝑎𝑚𝑏(𝑡𝑘) 

 

And finally, for local DHW storage tank in the 𝑗th apartment, we have: 

 

𝑇𝑗,𝐷𝐻𝑊(𝑡𝑘+1) = 𝐴𝐷𝐻𝑊,𝑙  (�̇�𝑠𝑢𝑝𝑝
𝑗,𝐷𝐻𝑊

(𝑡𝑘) − �̇�𝑠𝑢𝑝𝑝
𝑗,𝐷𝐻𝑊

(𝑡𝑘)) + 𝐵𝐷𝐻𝑊,𝑙  𝑇
𝑗,𝐷𝐻𝑊(𝑡𝑘) + 𝐶𝐷𝐻𝑊,𝑙  𝑇𝑗,𝑎𝑚𝑏(𝑡𝑘) 

 

Apart from the heat flow balances, a number of restrictions to the HVAC system hold. First, 
there is an upper limit on the total heat provided by the heat pump: 

�̇�𝐻𝑃 ≔ �̇�𝐻𝑃
𝐻 + �̇�𝐻𝑃

𝐷𝐻𝑊 ≤ �̇�𝐻𝑃
𝑚𝑎𝑥 

 

Further it is assumed that the temperature of the central DHW and heating tank as well as local 
DHW tanks in the apartments must remain in the desired band to ensure that demand and 
safety operation conditions are met at all times: 

 

𝑇𝑐,𝑚𝑖𝑛
𝐷𝐻𝑊 ≤ 𝑇𝑐

𝐷𝐻𝑊 ≤ �̇�𝑐,𝑚𝑎𝑥
𝐷𝐻𝑊  

𝑇𝑙,𝑚𝑖𝑛
𝐷𝐻𝑊 ≤ 𝑇𝑙,𝑗

𝐷𝐻𝑊 ≤ �̇�𝑙,𝑚𝑎𝑥
𝐷𝐻𝑊  

𝑇𝑐,𝑚𝑖𝑛
𝐻 ≤ 𝑇𝑐

𝐻 ≤ �̇�𝑐,𝑚𝑎𝑥
𝐻  

 

Lastly, we want to model the indoor air temperature and heating demand of each apartment. 
Similarly as above, simplified differential equation for the indoor air temperature (IAT) reads: 

(𝑐𝑎𝑖𝑟  𝜌𝑎𝑖𝑟 𝑉𝑎𝑖𝑟 +  𝑐𝑓 𝜌𝑓 𝑉𝑓) �̇�𝐼𝐴𝑇 = �̇�𝑠𝑢𝑝𝑝
𝐻 − (ℎ𝑎𝑝𝑡 + ℎ𝑖𝑛𝑓) (𝑇𝐼𝐴𝑇 − 𝑇𝑂𝐴𝑇) 
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Here 𝑐𝑎𝑖𝑟 and 𝑐𝑓 denote the specific heat capacity of air and furniture in the apartment. 

Constant 𝑉𝑎𝑖𝑟 represents the volume of air which is contained in the apartment and 𝑉𝑓 volume 

of the furniture. For simplicity, we introduce the thermal capacity coefficient for the apartment:  

 

𝐶 ≔  𝑐𝑎𝑖𝑟 𝜌𝑎𝑖𝑟 𝑉𝑎𝑖𝑟 +  𝑐𝑓 𝜌𝑓 𝑉𝑓 

 

Next, term −(ℎ𝑎𝑝𝑡 + ℎ𝑖𝑛𝑓) (𝑇𝐼𝐴𝑇 − 𝑇𝑂𝐴𝑇) denotes the heat loss of the apartment to the ambient. 

Coefficient ℎ𝑎𝑝𝑡 represents the thermal conductivity of the external walls of the apartment,  ℎ𝑖𝑛𝑓 

represents the thermal loss coefficient due to the infiltration and 𝑇𝑂𝐴𝑇 denotes the outdoor air 

temperature (OAT). We assume that  ℎ𝑖𝑛𝑓 can be calculated as: 

 

 ℎ𝑖𝑛𝑓 =
𝑖𝑛𝑓

Δ𝑡
∗ 𝜌𝑎𝑖𝑟 𝑉𝑎𝑖𝑟 

 

Here 𝑖𝑛𝑓 denotes the infiltration coefficient into the apartment in ACH (air changes per hour). 

Assuming that the heat flows �̇�𝑠𝑢𝑝𝑝
𝐻  and outdoor air temperature �̇�𝑂𝐴𝑇 are constant on each 

subinterval [𝑡𝑘, 𝑡𝑘+1], discretized solution reads: 

 

𝑇𝐼𝐴𝑇
𝑗 (𝑡𝑘+1) = 𝐴𝑎𝑝𝑡   �̇�𝑠𝑢𝑝𝑝

𝑗,𝐻 (𝑡𝑘) + 𝐵𝑎𝑝𝑡 𝑇𝐼𝐴𝑇
𝑗 (𝑡𝑘) + 𝐶𝑎𝑝𝑡 𝑇𝑂𝐴𝑇(𝑡𝑘) 

 

The constants 𝐴𝑎𝑝𝑡, 𝐵𝑎𝑝𝑡 and 𝐶𝑎𝑝𝑡 for the apartment are defined as: 

𝐴𝑎𝑝𝑡 = 
1

ℎ𝑎𝑝𝑡
(1 − 𝑒− 

ℎ𝑎𝑝𝑡+ℎ𝑖𝑛𝑓

𝐶
 Δ𝑡

) 

𝐵𝑎𝑝𝑡 = − 𝑒− 
ℎ𝑎𝑝𝑡+ℎ𝑖𝑛𝑓

𝐶
 Δ𝑡

 

𝐶𝑎𝑝𝑡 =  1 − 𝑒− 
ℎ𝑎𝑝𝑡+ℎ𝑖𝑛𝑓

𝐶
 Δ𝑡

 

 

Moreover, we assume there are solar collectors installed charging the solar buffer tank. We 
assume a simple differential controller charging the central DHW tank. Heat generated in the 
solar collectors is roughly estimated using following formula: 

 

�̇�𝑐𝑜𝑙𝑙 = 𝐼𝑠𝑜𝑙𝑎𝑟 ∗ 0.2 ∗ (95°𝐶 − 𝑇𝑏𝑢𝑓𝑓𝑒𝑟) 

 

Constant 𝐼𝑠𝑜𝑙𝑎𝑟 denotes solar radiation on the horizontal. Other constants are obtained using 
yearly simulation data and linear regression.  

Further, we assume that the COP of the heat pump has the following behaviour: 

 

𝐶𝑂𝑃 = 𝑐0 + 𝑐𝑎𝑖𝑟𝑇𝑎𝑚𝑏 + 𝑐𝑓𝑙𝑢𝑖𝑑𝑇𝑡𝑎𝑛𝑘 
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Here 𝑐0 = 5.8295, 𝐶𝑎𝑖𝑟 = 0.0707 and 𝑐𝑓𝑙𝑢𝑖𝑑 = −0.0702. In our simulation we consider the demo 

case over one year, starting from January till the end of the December. We take time step of 
half an hour Δ𝑡 = 0.5h. We assume that each apartment has a 100 m2 area, and 3.05 m height.   

We use a stochastic yearly DHW profile, where the demand per apartment reads 25 
kWh/year/m2. An example of a daily DHW profile for 8 apartments can be seen in Figure 5. 

 

 

Figure 5. One day DHW profile for eight apartments 

 

In our simulation, we further assume that the infiltration in each apartment is 𝑖𝑛𝑓=0.2 ACH. 
Heat transfer coefficient of the apartment walls to the ambient is chosen to be 0.8 W/m2K, with 
55 m2 of walls facing outside. Heating setpoint is chosen as 20°C with a hysteresis of 0.5°C.  

Tank temperature restrictions are summarized in Table 2. 

Table 2. Temperature restrictions for each tank of the HVAC system 

 DHW tank Heating tank Local storage tank 

Minimum temperature 45°C 35°C 42°C 

Maximum temperature 95°C 95°C 95°C 

 

Weather conditions including solar radiation and ambient temperature are taken to be the 
typical yearly profiles for Rome, Italy provided by Meteonorm. In the following, we present the 
simulation results. 

 

Heat pump 

Total annual electricity consumption of the heat pump was reduced by 5.32% from 19435 kWh 
to 18400 kWh. The total heat produced was reduced by only 0.87%, which is due to the 
increase of pump COP by 3.25% from average 3.64 to average of 3.76. Assuming day/night 
Italian electricity tariff, the electricity cost reduced by 5.59% from 2281€ to 2153€ per year. 

The results are summarized in Table 3. 
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Table 3. Heat pump simulation results 

 Electricity consumption 
[kWh/year] 

Heat produced 
[kWh/year] 

Electricity cost [€/year] Average 
COP 

Traditional 19434.96 70734.68 2280.77 3.64 

MPC 18400.42 70120.19 2153.27 3.76 

Comparison -5.32% -0.87% -5.59% +3.25% 

 

Central heating tank 

Total annual heat flow supplied by the heat pump to the central heating tank is reduced by only 
0.08% from 59870 kWh to 59822 kWh. The MPC control realised this small savings by keeping 
the temperature in the tank lower (reduced from average 38.1°C to 35.8°C). However, the 
heating demand is not flexible since in both cases is controlled by a differential controller from 
a thermostat (59877 kWh in the traditional case), total savings is very low. The results are 
summarized in Table 4. 

Table 4. Central heating tank simulation results 

 Heat from HP [kWh/year] Heating demand 
[kWh/year] 

Average temperature [°C] 

Traditional 59869.96 59876.73 38.05 

MPC 59822.49 59748.82 35.77 

Comparison -0.08% -0.06% -6.00% 

 

Central DHW tank 

Total annual heat flow supplied by the heat pump to the central DHW tank is reduced by 5.22% 
from 10865 kWh to 10280 kWh. The average temperature in the DHW tank has reduced only 
slightly by 0.64% from 50.64°C to 50.31°C. In total, the heat demand of the both control 
strategies remains almost the same (slight reduction of 0.19%), but the reason why the MPC 
control saves the HP power is that it makes better use of the solar collector and the solar buffer. 
The total heat delivered to the DHW tank from the solar buffer is increased by 2.50% from 
24803 kWh to 25440 kWh. The results are summarized in Table 5. 

Table 5. Central DHW tank simulation results 

 Heat demand 
[kWh/year] 

Heat from HP 
[kWh/year] 

Heat from solar 
buffer [kWh/year] 

Average 
temperature [°C] 

Traditional 35667.56 10864.73 24802.83 50.64 

MPC 35737.24 10279.69 25439.55 50.31 

Comparison  +0.19% -5.22% +2.50% -0.65% 

 

Local DHW tank 

Total annual heat flow supplied by the central DHW tank to the local DHW tanks has increased 
slightly by 0.20% from 35545 kWh to 35617 kWh, while the average tank temperature 
calculated over all 16 apartments has increased from 44.65°C to 45.24°C by 1.3% (see Table 
6). 
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Table 6. Local DHW tank simulation results 

 Heat demand [kWh/year] Average temperature [°C] 

Traditional 35544.72 44.65 

MPC 35616.68 45.24 

Change [%] +0.20% +1.30% 

 

Solar buffer  

Total annual heat flow supplied by the solar buffer to the central DHW tank increases by 2.5%, 
as well as total heat gain from the collectors (increase from 24939 kWh to 25571 kWh, by 
2.47%). The average temperature in the solar buffer tank has decreased by 1.76% from 
53.44°C to 52.52°C, resulting in better solar harvest. 

 

Table 7. Solar buffer simulation results 

 Collector flow  [kWh/year] Flow to DHW tank  [kWh/year] Average temp 
[°C] 

Traditional 24939.48 24802.83 53.44 

MPC 25571.13 25439.55 52.52 

Change [%] +2.47% +2.50% -1.76% 
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3 Control-oriented system modelling 

In order to model the plant for the purpose of model-based predictive control, artificial neural 
network approach was chosen since it allows to describe complex, non-linear relationships 
between system inputs and outputs. Using artificial neural network models for the purpose of 
predictive control is a concept already applied to predictive control of energy systems in 
buildings (Huang, Chen, and Hu 2015). The following are only some advantages of the neural 
network modelling approach: 

• Artificial neural networks (ANN) can be used to describe almost any nonlinear behavior of 
the system, assuming right configuration is chosen 

• Training of neural networks is computationally simple and inexpensive 

• ANN are efficient in recognizing patterns (daily, seasonal, etc.) 

• Online training of ANN models ensures learning of new or changed system properties 

• Calculation of a system forecast on a prediction horizon is computationally inexpensive 

 

On the other hand, possible disadvantages of ANN include: 

• ANN models are non-linear, and therefore constrained, non-linear optimization problems 
arising from the MPC control are more difficult to solve (than linear optimization problems) 

• Monitoring data (up to a certain point in past) needs to be stored for the training of ANN 
models, and for this reason certain amount of memory needs to be designated in the 
appropriate local or remote data base 

 

In the next paragraphs, neural network modelling is presented and applied to different system 
components. Final goal of the modelling procedure is to obtain a discretized state-space model 
of the system in the form: 

𝑥(𝑡𝑘+1) = 𝑓(𝑥(𝑡𝑘), 𝑢(𝑡𝑘), 𝑧𝑤𝑒𝑎𝑡ℎ𝑒𝑟(𝑡𝑘)) 

3.1 Artificial neural network models 

In this section we define the concept of artificial neural networks and discuss how to train them. 
For this purpose, we closely follow a textbook by (Hagan et al. 2014). Artificial neural network 
(ANN) is a computational method consisting of a number of artificial neurons and the 
connections between them inspired by the operation and structure of the biological brain. 
Learning is viewed as the establishment of new connections between neurons or the 
modification of existing connections. The interest in artificial neural networks is ever growing 
because of their wide range of application, from speech, face and character recognition to 
many applications in medicine, robotics, defense, telecommunications, etc. Artificial neural 
networks learn from examples, are able to handle noisy and incomplete data and deal with 
non-linear problems. Once trained, ANN can perform predictions and generalizations at high 
speed.  

They have also found their application in energy systems modelling including solar stem-
generator systems, solar water heating systems, HVAC systems, solar radiation and wind 
speed prediction, load prediction, refrigeration systems, etc. (Kalogirou 2000). 
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3.1.1 ANN mathematical description 

In this paragraph, a mathematical description of neural networks architecture and learning 
rules is presented. An artificial neural network consists of an input layer, a number of hidden 
layers and an output layer (see Figure 6). Each element of the input layer represents one input 
of the modelled system, and elements of the output layer represent model output values to be 
predicted/described by the neural network. Hence, number of elements in the input/output 
layers is pre-determined and equal to the number of inputs/outputs of the system modelled. 
Each ANN can have as many hidden layers as considered necessary, and each layer can have 
an arbitrary number of neurons.  

 

Figure 6. Configuration of the neural network 

 

A single neuron 𝑛𝑖 with its input 𝒑 = (𝑝1, 𝑝2, … , 𝑝𝑘) and output 𝑎𝑖 is represented in Figure 7.  

 

 

Figure 7. A single neuron with its inputs and outputs 

 

If the neuron is located in one of the hidden layers or the output layer, then the input vector 
𝒑 = (𝑝1, 𝑝2, … , 𝑝𝑘) consists of output of the neurons in the previous layer. Once received by the 

neuron, input elements are weighted and summed together. It is common to add a bias 𝑏𝑖 input 
to each neuron. Output of neurons is then calculated by a so-called transfer function 𝑓 and is 
given as input to neurons in the subsequent layer. 
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More precisely, the neuron value is calculated as: 

𝑛𝑖 = ∑𝑤𝑖,𝑗𝑝𝑗

𝑘

𝑗=1

+ 𝑏𝑖 

The neuron output is then given by: 

𝑎𝑖 = 𝑓(𝑛𝑖) = 𝑓 (∑𝑤𝑖,𝑗𝑝𝑗

𝑘

𝑗=1

+ 𝑏𝑖) 

 

The transfer function 𝑓 is either a linear or a non-linear function of 𝑛𝑖, and it is chosen 
depending on the problem that the ANN needs to model. Typical choices for a transfer function 
are hard-limit, linear, log-sigmoid, hyperbolic tangent-sigmoid, etc. Neurons in the same layer 
have the same transfer function.  

Let 𝒏 = (𝑛1, 𝑛2, … , 𝑛𝑆) be the vector of all neurons in a hidden layer, and 𝒂 = (𝑎1, 𝑎2, … , 𝑎𝑆) its 

output vector. Moreover let 𝑾 = (𝑤𝑖,𝑗) be the weight coefficient matrix and 𝒃 = (𝑏1, 𝑏2, … , 𝑏𝑆) 

the bias vector. Then it can be written in the vector notation: 

𝒏 = 𝑾 𝒑 + 𝒃 

𝒂 = 𝑓(𝒏) =  𝑓(𝑾𝒑 + 𝒃) 

For a multi-layer network, let 𝑆𝑚 denote the number of neurons in the 𝑚-th layer, let 𝑾𝑚 denote 

its weight matrix, let 𝒃𝑚 denote the bias vector for the 𝑚-th layer and 𝑓𝑚 the corresponding 

transfer function. Note that the model input is the input for the first (input) layer 𝒂𝟎 = 𝒑, and the 

model output is equal to the output of the last (output) layer 𝒚 = 𝒂𝑀, assuming that 𝑀 is the 
number of network layers. Furthermore, note that the output vector of the 𝑚-th layer 𝒂𝑚 is the 

input vector  𝒑𝑚+1 for the 𝑚 + 1-th layer. It is intuitively clear that networks with multiple layers 
are able to represent more complex input-output relationships (compared to single-layer 
networks).  

3.2 ANN training algorithm 

Training an ANN means that we need to identify weights matrices and bias vectors such that 
the error between actual model output and the output of the ANN is minimized. This generally 
implies solving a non-linear optimization problem. Many optimization algorithms require 
calculation of the cost function gradient. In terms of ANN, it means calculating the gradient of 
the error function with respect to weight matrices and bias vectors for each of the ANN layers, 
which is not very straightforward. Backpropagation is one of the most commonly used 
algorithms for supervised learning of the neural networks. The main idea is to first calculate 
the gradient with respect to the weights in the output layer (𝑀th layer), and then the gradient 

with respect to the weights of layer 𝑚 is recursively calculated from the gradient with respect 
to  weights of layer 𝑚 + 1, until input layer is reached (hence the name backpropagation). 
Originally, backpropagation utilized approximate steepest descent optimization, which is slow 
in convergence. However, if we increase the learning rate of the algorithm, method can 
become unstable. Another issue with this method is that it can converge to a local minimum 
point. Hence, there was a need to study ways which improve performance of backpropagation. 
For example, heuristic modifications like use of momentum or variable learning rate can be 
applied. Alternatively, another numerical optimization algorithm like conjugate gradient or 
adaptations to Newton’s method instead of steepest descent can be used. One such 
optimization algorithm is the Levenberg-Marquardt algorithm, which proved very successful for 



 

 

www.BuildHeat.eu  Page 17 of 76 

training ANNs for which the cost function is defined as the mean squared error. We will use 
this training method, also called Levenberg-Marquardt backpropagation (LMBP), in our work. 
The description of the method closely follows the discussion of Hagan et al. (2014). 

First, let us recall the basic Newton’s optimization method. Assume that we want to minimize 
the function 𝐹 ∶ 𝒙 → 𝐹(𝒙), 𝒙 ∈  ℝ𝑛. Then the optimal solution 𝑥 is obtained by iterative formula: 

𝒙𝑘+1 = 𝒙𝑘 − 𝐴𝑘
−1𝒈𝑘 

Here 

𝑨𝑘 ≔ ∇2𝐹(𝒙)|𝒙=𝒙𝑘
 

𝑔𝑘 ≔ ∇𝐹(𝒙)|𝒙=𝒙𝑘
 

 

Iterations stop once the stopping criteria has been reached.  

Next we apply Newton’s method to training of an ANN model. Let 𝑾𝑚 = (𝑤𝑖,𝑗
𝑚)

𝑆𝑚×𝑆𝑚−1 

and 𝒃𝑚 = (𝑏𝑖
𝑚)𝑆𝑚×1 be the weight matrix and the bias vector of the mth layer, which has 𝑆𝑚 

neurons. Then the optimization variable vector can be written as: 

𝒙 = (𝑤1,1
1  𝑤1,2

1 …𝑤𝑆1,𝑅
1  𝑏1

1  … 𝑏𝑆1
1 …𝑤1,1

𝑀  𝑤1,2
𝑀 …𝑤𝑀,𝑅

𝑀  𝑏1
𝑀  … 𝑏

𝑆𝑀
𝑀 ) 

Dimension of 𝒙 is 𝑛 =  𝑆1(𝑅 + 1) + 𝑆2(𝑆1 + 1) + ⋯+ 𝑆𝑀(𝑆𝑀−1 + 1). Suppose that the training 

data set {(𝒑𝑞 , 𝒚𝑞) ∶ 𝑞 = 1…𝑄} of the system input/output values is available. The goal is to find 

the weight matrices and bias vectors of the ANN model, such that for each 𝑞 ∈ {1,…𝑄} the 

model output 𝒂𝑞
𝑀 matches the system output 𝒚𝑞, assuming input 𝒑𝑞. The error for each data 

sample 𝑞 is denoted by 𝒆𝑞 = 𝒚𝑞 − 𝒂𝑞
𝑀. A common choice for the ANN learning cost function is 

the least squares method:  

𝐹(𝒙) = ∑‖𝒚𝑞 − 𝒂𝑞
𝑀‖

2

2

𝑄

𝑞=1

 

          = ∑𝑣𝑖
2

𝑁

𝑖=1

 = ‖𝒗(𝒙)‖2
2  

 

Here 𝒗 ∶= (𝑒1,1 …𝑒𝑆𝑀,1, … , 𝑒1,𝑄 , … , 𝑒𝑆𝑀,𝑄)
𝑁×1

 and 𝑁 = 𝑄 × 𝑆𝑀. There holds: 

 

∇𝐹(𝒙) = 2 𝑱⊤(𝒙)𝒗(𝒙). 

 

Here 𝑱(𝒙) is the Jacobian matrix of function 𝒗(𝑥). Moreover, for the Hessian matrix holds: 

 

∇2𝐹(𝒙)𝑘,𝑗 = 
𝜕𝐹(𝒙)

𝜕𝑥𝑘𝜕𝑥𝑗
= ∑2(

𝜕𝑣𝑖

𝜕𝑥𝑘
 
𝜕𝑣𝑖

𝜕𝑥𝑗
+ 𝑣𝑖  

𝜕2𝑣𝑖

𝜕𝑥𝑘𝜕𝑥𝑗
)

𝑁

𝑖=1

 

 

Under the assumption that second order derivatives term can be neglected, we obtain: 
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∇2𝐹(𝒙)𝑘,𝑗 ≅  2 ∑
𝜕𝑣𝑖

𝜕𝑥𝑘
 
𝜕𝑣𝑖

𝜕𝑥𝑗

𝑁

𝑖=1

 

Or equivalently, approximate Hessian is equal to: 

 

∇2𝐹(𝑥) ≅  2 𝑱⊤(𝒙) 𝑱(𝒙) 

 

Thus we obtain an iteration step of the Gauss-Newton optimization method: 

𝒙𝑘+1 = 𝒙𝑘 −  (𝑱⊤(𝒙𝑘) 𝑱(𝒙𝑘))
−1𝑱⊤(𝒙𝑘)𝒗(𝒙𝑘) 

 

Notice that the advantage of Gauss-Newton method over Newton’s method is that it does not 

require calculation of second derivatives. However, it may happen that the matrix  𝑱⊤(𝒙𝑘) 𝑱(𝒙𝑘) 
is not invertible. In that case, the Hessian is adjusted by adding a scaled unit matrix:  

𝒙𝑘+1 = 𝒙𝑘 −  (𝑱⊤(𝒙𝑘) 𝑱(𝒙𝑘) + 𝜇𝑘  𝑰)−1𝑱⊤(𝒙𝑘)𝒗(𝒙𝑘) 

 

Here, 𝜇𝑘 is chosen large enough such that all eigenvalues of  𝑱⊤(𝒙𝑘) 𝑱(𝒙𝑘) + 𝜇𝑘𝑰 are positive. 
Iterative optimization method of this form is called Levenberg-Marquardt algorithm. The biggest 
challenge in applying this algorithm is the calculation of the Jacobian matrix: 

 

𝑱(𝒙) =  

[
 
 
 
 
 

𝜕𝑒1,1

𝜕𝑤1,1
1 ⋯

𝜕𝑒1,1

𝜕𝑏𝑆𝑀
𝑀

⋮ ⋱ ⋮
𝜕𝑒𝑆𝑀,𝑄

𝜕𝑤1,1
1 ⋯

𝜕𝑒𝑆𝑀,𝑄

𝜕𝑏𝑆𝑀
𝑀

]
 
 
 
 
 

 

 

For this reason, it is beneficial to introduce a matrix 𝑺𝑚 ∈ ℝ𝑆𝑚×𝑁 for each layer 𝑚 called 
Marquardt sensitivity, defined as derivative of vector 𝒗 with respect to neuron values: 

𝑠𝑖,ℎ
𝑚 ≔ 

𝜕𝑣ℎ

𝜕𝑛𝑖,𝑞
𝑚 = 

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑖,𝑞
𝑚  

Here ℎ = 𝑘 + (𝑞 − 1)𝑆𝑀 and 𝑖 = 1,… , 𝑆𝑚. Now we can write: 

 

𝜕𝑒𝑘,𝑞

𝜕𝑤𝑖,𝑗
𝑚 = 

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑖,𝑞
𝑚  

𝜕𝑛𝑖,𝑞
𝑚

𝜕𝑤𝑖,𝑗
𝑚 

       =  𝑠𝑖,ℎ
𝑚  𝑎𝑗,𝑞

𝑚−1 

 

And:  

𝜕𝑒𝑘,𝑞

𝜕𝑏𝑖
𝑚 = 

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑖,𝑞
𝑚  

𝜕𝑛𝑖,𝑞
𝑚

𝜕𝑏𝑖
𝑚  



 

 

www.BuildHeat.eu  Page 19 of 76 

= 𝑠𝑖,ℎ
𝑚   

 

The idea of backpropagation is to calculate the sensitivity for the last layer 𝒔𝑀 first, and use it 
to calculate other sensitivities recursively. For the final layer, we have: 

𝑠𝑖,ℎ
𝑀 ≔ 

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑖,𝑞
𝑀 = 

𝜕(𝑦𝑘,𝑞 − 𝑎𝑘,𝑞
𝑀 )

𝜕𝑛𝑖,𝑞
𝑀 = −

𝜕𝑎𝑘,𝑞
𝑀

𝜕𝑛𝑖,𝑞
𝑀  

 

 =  {
−𝑓̇𝑀(𝑛𝑖,𝑞

𝑀 ), 𝑖 = 𝑘

0,  𝑖 ≠ 𝑘
                         

 

In fact, we can define: 

𝑺𝑞
𝑀 ≔ −�̇�𝑀(𝒏𝑞

𝑀) =  [

−𝑓̇𝑀(𝑛1,𝑞
𝑀 ) ⋯ 0

⋮ ⋱ ⋮

0 … −𝑓̇𝑀 (𝑛
𝑆𝑀,𝑞
𝑀 )

]

𝑆𝑀×𝑆𝑀

 

 

And it holds: 

𝑺𝑀 = [𝑺1
𝑀  𝑺2

𝑀 … 𝑺𝑄
𝑀] 

 

Now, let us assume that the 𝑚 + 1-th sensitivity matrix 𝑺𝑚+1 has been obtained. We have: 

 

𝑠𝑖,ℎ
𝑚 = 

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑖,𝑞
𝑚 = ∑

𝜕𝑒𝑘,𝑞

𝜕𝑛𝑗,𝑞
𝑚+1  

𝜕𝑛𝑗,𝑞
𝑚+1

𝜕𝑛𝑖,𝑞
𝑚

S𝑚+1

𝑗=1

 

It can be seen that: 

𝜕𝑛𝑗,𝑞
𝑚+1

𝜕𝑛𝑖,𝑞
𝑚 =

𝜕

𝜕𝑛𝑖,𝑞
𝑚  ∑ 𝑤𝑗𝑘

𝑚+1𝑎𝑘,𝑞
𝑚 + 𝑏𝑗

𝑚

𝑆𝑚

𝑘=1

 

= 𝑤𝑗𝑖
𝑚+1  

𝜕𝑎𝑖,𝑞
𝑚

𝜕𝑛𝑖,𝑞
𝑚 = 𝑤𝑗𝑖

𝑚+1 �̇�𝑚(𝑛𝑖,𝑞
𝑚 ) 

Hence: 

𝑠𝑖,ℎ
𝑚 =  ∑ 𝑠𝑗,ℎ

𝑚+1 𝑤𝑗𝑖
𝑚+1 𝑓̇𝑚(𝑛𝑖,𝑞

𝑚 )

𝑆𝑚+1

𝑗=1

 

In vector form, this can be written as: 

 

𝑺𝑞
𝑚 = �̇�𝑚(𝒏𝑚) ( 𝑾𝑚+1)⊤ 𝑺𝑞

𝑚+1 

Marquardt sensitivity matrices can now be written as: 
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𝑺𝑚 = [𝑺1
𝑚 𝑺2

𝑚 … 𝑺𝑄
𝑚] 

 

Hence we have obtained all factors needed to apply the Levenberg-Marquardt iteration step. 
Finally, the Levenberg-Marquardt back-propagation algorithm for a neural network with 𝑁 
layers can be summarized as follows:  

 

    Levenberg-Marquardt Back-Propagation Algorithm 

 

STEP 1 

Randomly initialize weight matrices 𝑾𝑜𝑙𝑑
𝑚  and bias vectors 𝒃𝑜𝑙𝑑

𝑚  for each 𝑚 = 1,… ,𝑀 

Initialize 𝜇 = 0.01  

Define 𝜃 = 10 

 

STEP 2 

Forward propagation for each data of the training set  

    Get {(𝒑𝑞 , 𝒚𝑞) ∶ 𝑞 = 1…𝑄} 

 

    For  𝑞 = 1,… , 𝑄 

𝒂𝑞
0 = 𝒑𝑞  

For  𝑚 = 1,… ,𝑀 

      𝒏𝑞
𝑚 = 𝑾𝑜𝑙𝑑

𝑚 𝒂𝑞
𝑚−1 + 𝒃𝑜𝑙𝑑

𝑚  

      𝒂𝑞
𝑚 = 𝑓𝑚(𝒏𝑞

𝑚) 

 

     𝒆𝑞 = 𝒂𝑞
𝑀 

    𝒗𝑜𝑙𝑑 = [𝒆1 𝒆2 …𝒆𝑄]  

    𝐹(𝒙𝑜𝑙𝑑) =  ∑ 𝒆𝑞
⊤ 𝒆𝑞

𝑄
𝑞=1  

 

STEP 3 

Calculation of Marquardt sensitivities 

    For  𝑞 = 1,… , 𝑄 

𝑺𝑞
𝑀 = [

−𝑓̇𝑀(𝑛1,𝑞
𝑀 ) ⋯ 0

⋮ ⋱ ⋮

0 … −𝑓̇𝑀 (𝑛
𝑆𝑀,𝑞
𝑀 )

]  

For  𝑚 =  𝑀 − 1,… ,1 

 𝑺𝑞
𝑚 = �̇�𝑚(𝒏𝑚) ( 𝑾𝑚+1)⊤𝑺𝑞

𝑚+1 
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Compute Jacobi matrix 𝑱(𝒙𝑜𝑙𝑑) 

 

STEP 4 

Obtain Δ𝒙 =  −  (𝑱⊤(𝒙𝑜𝑙𝑑) 𝑱(𝒙𝑜𝑙𝑑) + 𝜇 𝑰)−1𝑱⊤(𝒙𝑜𝑙𝑑)𝒗(𝒙𝑜𝑙𝑑) 

 

STEP 5 

Compute 𝒙𝑛𝑒𝑤 = Δ𝒙 + 𝒙𝑜𝑙𝑑  

Compute 𝐹(𝒙𝑛𝑒𝑤) 

    If 𝐹(𝒙𝑛𝑒𝑤) < 𝐹(𝒙𝑜𝑙𝑑) then 

 𝜇 ← 𝜇 / 𝜃 

𝒙𝑜𝑙𝑑 ← 𝒙𝑛𝑒𝑤  

 Go to STEP 2 

    Else 

 𝜇 ← 𝜇 ∗  𝜃  

 Repeat STEP 4 

  

 

For the purpose of system modelling in this work, only two-layer neural networks will be utilized 
(one hidden and one output layer). In fact, it is known that a two-layer network having a sigmoid 
first layer and a linear second layer can be trained to approximate most functions arbitrarily 
well (Hagan et al. 2014). Hereby, sigmoid and linear transfer function are defined as: 

𝑓𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑛) =  
1

1 + 𝑒−𝑛
 

𝑓𝑙𝑖𝑛𝑒𝑎𝑟(𝑛) = 𝑛 

 

Instead of sigmoid, often a hyperbolic tangent sigmoid is chosen as a transfer function in the 
first ANN layer: 

𝑓𝑡𝑎𝑛𝑔𝑒𝑛𝑡(𝑛) =  
𝑒𝑛 − 𝑒−𝑛

𝑒𝑛 + 𝑒−𝑛
 

3.3 System state prediction using ANN 

Let us consider a general case, where we use ANN to model a certain component of the 
system. Assume that 𝑢(𝑗), 𝑥(𝑗) and 𝑦(𝑗) denote the component input, component state and 
component output at time 𝑡 = 𝑡𝑗. Having these values as input to the ANN model, ANN returns 

the prediction for the component state and output at time  𝑡 = 𝑡𝑗+1, denoted by 𝑥(𝑘 + 1) 

and �̂�(𝑘 + 1) (as shown in the Figure 8). 
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Figure 8. Description of the ANN inputs and outputs in terms of the modelled component 

 

Therefore, note that the output of the modelled component and ANN model are different. As 
input, the ANN takes input values, states, and outputs of the component at a certain time step, 
and the output of the ANN is the component state and output at the next time step.  

When using ANN to model the thermal system for the purpose of control, it may be necessary 
to predict system states not only for the next time step, but also on the whole prediction horizon. 
This means that given monitored/actual system states at time 𝑡 = 𝑡𝑘, we need to obtain system 

states at [𝑡𝑘+1  … , 𝑡𝑘+𝑃]. In order to make this prediction, given only the initial state and output 
values 𝑥(𝑘) and 𝑦(𝑘), the output of the ANN needs to be fed back to the network with one step 
delay (see Figure 9). 

 

 

Figure 9. Prediction of the component states and outputs on the prediction horizon 

 

This kind of network is called recurrent. This implies that at each future time step 𝑡𝑘+𝑗, the ANN 

does not receive the actual states and outputs of the component 𝑥(𝑘) and 𝑦(𝑘), but only the 

ANN approximation 𝑥(𝑘) and �̂�(𝑘). This means that the modelling error of the ANN is 
propagated through the ANN from the beginning to the end of the prediction horizon. Therefore, 
we evaluate both the performance of ANN when performing one time step prediction and 
prediction over a time horizon. 

3.4 Performance analysis 

In order to evaluate the performance of ANN models, we use different error quantifiers: 
coefficient of determination 𝑅, root mean square error RMSE and mean absolute error MAE, 
defined as  

𝑅2 = 1 −  
∑ (𝑦𝑠,𝑖 − 𝑦𝑎,𝑖)

2
𝑖

∑ (�̅� − 𝑦𝑎,𝑖)
2

𝑖

 

RMSE = √∑ (𝑦𝑠,𝑖 − 𝑦𝑎,𝑖)
2

𝑖

𝑁
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MAE =
∑ |𝑦𝑠,𝑖 − 𝑦𝑎,𝑖|𝑖

𝑁
 

 

 

Here 𝑦𝑠,𝑖 and 𝑦𝑎,𝑖 are estimated and actual values at step 𝑖, and �̅� is the average actual value. 

3.5 Modular modelling approach 

In this work, we adopt a modular approach for modelling of the thermal system of the residential 
building. More precisely, this means that each system component is modelled as a separate 
ANN. Seeing that the input of one system component may be the output of another, their 
inputs/outputs must be coupled. This approach was chosen for two main advantages: 

• It is possible to inspect the output of each component easily, which makes the identification 
of the modelling errors more straightforward. The model of each component can be trained 
and tested separately. This assures that the modelling errors for one component do not 
introduce errors in others. 

• Modular approach makes modelling procedure faster and any changes in the system 
configuration are introduced easier (adding or removing components, change in coupling 
of the components, etc.). 

 

The ANN modular modelling approach is tested in this work on a centralized HVAC and DHW 
system for a residential building with 𝑛 apartments, representing a BuildHeat demo case in 
Rome (see Figure 3). Considered system consist of a heat pump, which is used to charge a 
central DHW tank and a central heating and cooling tank, all mounted on the building roof. In 
addition, DHW tank is charged by a field of vertically installed solar collectors. Each apartment 
has a fan coil for heating and cooling, and a small storage tank for DHW. 

The main purpose of this task is to provide an accurate prediction on the ANN model for the 
whole system, to be used for model predictive control. Prediction horizon is taken to be 24 
hours; hence the ANN prediction time step should not be too small. Chosen time step Δ𝑡 for 
the ANN models is 30 minutes. 

The modelling of the system can be divided into six following independent subsystems: DHW 
generation, storage and distribution system, H&C storage and distribution system, heat pump, 
heating demand and DHW demand. Each of these subsystems will be modelled and tested 
separately. 
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4 DHW generation and distribution circuit 

In this chapter, we use a set of coupled artificial neural networks to model the DHW generation 
and distribution system. The system consists of a solar collector field, solar buffer, DHW 
storage and local storage tanks, as shown in Figure 10. 

 

Figure 10. DHW production and distribution system 

 

First we need to define which values in the system are control inputs, external inputs and which 
values we want to predict with the ANN model. These are specified in Table 8. Since it is the 
task of the control strategy to decide when to start the heat pump and how much to charge 
local and central DHW storages, the heat flow from heat pump to central storage and to local 
storages from the central one are control inputs. 

 

Table 8. List of control and external inputs and modelled system states 

Control inputs External inputs Model Outputs 

Heat flow from heat pump to 
central DHW storage 

Solar irradiation Heat transfer from solar 
collectors to solar buffer 

Heat flow from the central DHW 
storage to each of the local 
storages 

External temperature Upper and lower temperature 
of the solar buffer 

 DHW demand for each 
of the apartments 

Heat transfer from solar buffer 
to central DHW tank 

  Upper and lower temperature 
of the central DHW tank 

  Upper and lower temperature 
of the local DHW tank 
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4.1 Training data 

In order to train the ANN model to predict states in the DHW generation and distribution 
system, there is a number of values which need to be provided as a training data set. Collected 
data set is divided into data used for training and data used for validation of the ANN model. 
Data needed for described system in particular, is already fully specified in Table 8. This data 
in real-time applications is typically collected from the monitoring data. However, due to lack 
of monitoring data in this work, we will use data obtained in the simulation.  

Above described system is modelled in TRNSYS simulation software. Simulations have been 
performed with 5 minute time step for a year using Meteonorm weather file (Meteonorm 2016) 
which consists of a year of data representing average weather conditions for Rome, Italy. 
Finally, a feed-forward ANN model is trained using simulation data for different periods of the 
year. 

4.2 Solar collectors 

Modelling solar collectors using neural networks is an idea already successfully applied in the 
literature (Sharma et al. 2011; Pierro et al. 2016; Sözen, Menlik, and Ünvar 2008). For this 
purpose, a detailed model has been developed in Trnsys (Klein, S.A. et al 2010) consisting of 
a solar collector, storage tank, heat pump and DHW demand. 

In this subsection an appropriate configuration, input and output layer for modelling of the solar 
collectors is sought. Model inputs and model outputs for the solar collectors, as well as size of 
the layers of the ANN model are given in Table 9. Apart from atmospheric conditions, mass 
flow and the inlet temperature of the solar collectors are necessary model inputs. Model output 
is the power from the internal heat exchanger in the solar buffer tank generated by the solar 
collectors. Note also that the upper and lower temperature in the solar buffer tank are the input 
in this ANN model. 

 

Table 9. Solar Collector Model Information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

Solar Irradiance at 𝑡 = 𝑡𝑘−1 and 𝑡 = 𝑡𝑘 

External Temperature at 𝑡 = 𝑡𝑘−1 

Solar Buffer –upper Temperature at 
𝑡 = 𝑡𝑘−1 

Solar Buffer –lower Temperature at 
𝑡 = 𝑡𝑘−1 

Hour of the day at 𝑡 = 𝑡𝑘 

Internal Heat Exchanger 
Power at 𝑡 = 𝑡𝑘 

6 15 1 
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Figure 11. Training solar collectors: Predicted versus actual power (2 Jan—15 Jan) 

 

As a first training period, first two weeks of January are taken, representing winter conditions. 
In Figure 11, prediction of the trained ANN model are compared against Trnsys simulation 
data. It can be seen that there is a good match between real and ANN power delivered by the 
internal heat exchanger in the solar buffer tank from the solar collectors, with root mean square 
error being 𝑅𝑀𝑆𝐸 = 197.32 W (which is equal to 2.16% of the average generated power on 

the training period). Mean absolute error is being 𝑀𝐴𝐸 = 72.30 W (0.79% of the average 
generated power). In terms of cumulative generated energy from solar collectors, the match 
between the actual and modelled data can be seen in Figure 12, and the comparison between 
actual daily energy values and values predicted by the ANN model is given in Table 10. Total 
energy produced is 479.09 kWh, and ANN prediction reads 480.11 kWh, which implies error 

of 1.02 kWh (0.21%). Coefficient of determination for estimation of daily energy 𝑅2 = 99.96% 

 

Table 10. Training: Total Daily Energy from the Solar Collectors (2 Jan—15 Jan) 

Trainin
g day 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Energy 
Actual 
[kWh]:  

14.
4 

32.
1 

32.
5 

116.
1 

33.
7 

10.
1 

6.
5 

11.
9 

14.
0 

72.
1 

45.
8 

80.
8 

6.
8 

2.
3 

Energy 
ANN 
[kWh]: 

13.
8 

32.
7 

31.
9 

116.
4 

33.
5 

10.
9 

6.
3 

12.
6 

14.
3 

71.
7 

46.
9 

79.
8 

7.
1 

2.
4 
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Figure 12. Cumulative Energy from Solar Collectors: Training (2Jan—15Jan) 

 

The model is validated on the third and fourth week in January (16 Jan —29 Jan), and the 

actual and step-ahead predicted generated power on the validation period can be seen in 
Figure 13.  

 

Figure 13. Validation of ANN solar collectors: Predicted versus actual power (16 Jan—29 Jan) 

Root mean square error of the generated power is 𝑅𝑀𝑆𝐸 = 325.22W (equal to 3.56% of the 
power generated on the validation period), and mean absolute error is 𝑀𝐴𝐸 = 118.79W (1.31% 
of the power generated on the validation period). Coefficient of determination for estimation of 

daily energy 𝑅2 = 99.71% for the validation period. Comparison between actual daily energy 
and predicted by the ANN model is given in Table 11, and the comparison of total energy 
transferred to the solar buffer with ANN model is shown in Figure 14. Total energy produced 
is 739.07 kWh, and ANN prediction reads 723.42 kWh, hence error is -15.64 kWh (-2.11%). 
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Table 11. Training: Total Daily Energy from the Solar Collectors (16 Jan—29 Jan) 

Validati
on day 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Energy 
Actual 
[kWh]:  

8.
9 

14.
8 

36.
2 

69.
3 

93.
6 

75.
1 

37.
8 

0.
0 

2.
9 

85.
6 

83.
0 

97.
6 

17.
7 

116.
3 

Energy 
ANN 
[kWh]: 

7.
6 

15.
0 

38.
0 

68.
9 

92.
1 

71.
3 

34.
1 

0.
0 

2.
7 

86.
0 

80.
1 

94.
2 

18.
8 

114.
6 

 

 

Figure 14. Cumulative Energy from Solar Collectors: Validation (16 Jan—29 Jan) 

 

The model has shown satisfactory performance in winter. In the rest of this subsection, the 
model will also be tested in summer working conditions. The training period is the second and 
third week of July (Jul 8—Jul 21), and the validation period is the last week in July and 

beginning of August (Jul 22—Aug 5). Match between actual data and data predicted power 

and energy by the ANN model on the training period is presented in Figure 15 and Figure 16. 
Notice that generation power in the summer months is lower. This is due to the fact that the 
solar collectors are mounted vertically on the building rooftop. However, total produced energy 
in winter and summer period is comparable since summer days are less cloudy in average. 
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Figure 15. Training solar collectors: Predicted versus actual power (8 Jul—21 Jul) 

 

 

Figure 16. Cumulative Energy from Solar Collectors: Training (8 Jul—21 Jul) 
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Root mean square error for the prediction of the power on the training period is equal to 𝑅𝑀𝑆𝐸 

= 216.15 W (3.04% of the average power), and mean absolute error is 𝑀𝐴𝐸 = 90.49 W (1.27% 
of the average power). Total produced energy reads 653.33 kWh, compared to ANN prediction 
of 655.99 kWh. This represents an error of 2.66 kWh, which is 0.41% of the total energy. 
Comparison between actual daily energy values and values predicted by the ANN model is 
given in Table 12. 

 

Table 12. Training: Total Daily Energy from the Solar Collectors (8 Jul—21 Jul) 

Trainin
g day 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Energ
y 
Actual 
[kWh]:  

49.
5 

51.
6 

54.
1 

40.
2 

43.
2 

48.
1 

51.
2 

38.
7 

53.
6 

42.
4 

49.
6 

34.
4 

51.
5 

4.5 

Energ
y ANN 
[kWh]: 

51.
0 

51.
7 

52.
7 

40.
3 

43.
1 

47.
8 

51.
8 

38.
6 

53.
6 

46.
0 

49.
0 

33.
7 

51.
2 

45.
6 

 

The comparison of power delivered by the internal heat exchanger in the solar buffer tank from 
the solar collectors between real and ANN model data is given in Figure 17. 

 

Figure 17. Validation of ANN solar collectors: Predicted versus actual power (Jul 22—Aug 5) 

 

For the summer validation period, RMSE of the generated power is 𝑅𝑀𝑆𝐸 = 547.82W (7.7% 

of the average power over validation period), while mean absolute error is 𝑀𝐴𝐸 = 227.13 W 
(3.2% of the average power). Total energy on the validation period is 722.77 kWh, while ANN 
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prediction of the total energy reads 728.79 kWh, which is an error of 6.02 kWh (0.83%). Daily 

energy values are well-estimated by ANN model, with coefficient of determination 𝑅2 = 93.72%  
(see Table 13). 

 

Figure 18. Cumulative Energy from Solar Collectors: Validation (Jul 22—Aug 5) 

 

Table 13. Validation: Total Daily Energy from the Solar Collectors (Jul 22—Aug 5) 
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4.2.1 Sensitivity to Input error 

It needs to be kept in mind that in applications input values of the ANN model may have an 
error coming from measurements or prediction. For this reason, it is important to understand 
what the effect such error can have on the model output. We perform three different tests on 
the trained ANN model: evaluating model output assuming over the whole winter training 
period:  

a) an error of 0.5°C in the upper layer temperature of solar buffer,  

b) an error of 0.5°C in the lower layer temperature of solar buffer 

c) 5% error of the solar irradiance 
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Scenario a) 

Assuming that the upper layer temperature of solar buffer is measured or predicted with an 
consistent error of 0.5°C over the whole training period, results in 𝑅𝑀𝑆𝐸 = 294.13 W (4.1% of 
the average power over validation period), and mean absolute error  𝑀𝐴𝐸 = 154.59 W (2.2% 
of the average power). Total predicted energy over the 14 day period is 689.5 kWh, which 
represents an error of 36.18 kWh (5.5%). 

 

Figure 19. Winter training period: error in the model input, scenario a)  

 

 

Figure 20. Winter training period: error in the model input, scenario b) 
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Scenario b) 

Next, it is assumed that the lower layer temperature of solar buffer has a consistent error of 
0.5°C over the whole training period. The error in the predicted power generation is 𝑅𝑀𝑆𝐸 = 
282.09 W (4.0% of the average power over validation period) and mean absolute error  𝑀𝐴𝐸 
= 116.78 W (1.6% of the average power). Total predicted energy over the 14 day period is 
625.5 kWh, which represents an error of 27.83 kWh (4.3%). 

 

Scenario c) 

Finally, let the solar irradiance be estimated with a consistent error of +5% over the whole 
training period. This input error naturally results with the highest output error, compared to 
other two scenarios. The reason for this is that the solar radiation is clearly the most influential 
factor for the collector field power production, and in addition, the solar radiation appears twice 
among model inputs. The error in the predicted power generation is 𝑅𝑀𝑆𝐸 = 446.09 W (6.3% 

of the average power over validation period), and mean absolute error  𝑀𝐴𝐸 = 214.56 W (3.0% 
of the average power). Total predicted energy over the 14 day period is 722.61 kWh, which 
represents an error of 69.29 kWh (10.6%). 

 

 

Figure 21. Winter training period: error in the model input, scenario b) 

4.3 Solar Buffer 

In this paragraph, a feedback ANN model for thermal storage tank is developed and trained 
based on the simulation data described in Section 4.1. An example of successful ANN 
modelling of a stratified storage tank can be found in (Géczy-Víg and Farkas 2010). In their 
work, the authors model a stratified storage tank of a thermal solar system to predict the 
temperature in each of eight equally-sized layers. They utilize an extended model consisting 
of two ANN models: one for non-load periods, and one for load periods. Both ANN are two-
layered with log-sigmoid transfer function in the first layer and linear transfer function in the 
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second layer. Authors conclude that the developed ANN model, although requires a great 
number of measured data, is simpler and more exact than the related physically based model. 

Tank considered in this section is heated by solar collectors, and it is used to heat up the 
central DHW storage tank. We assume that two temperature sensors are installed in the 
storage. Moreover, solar buffer is placed on the top of the residential building, therefore 
external temperature has significant influence on the thermal losses of the tank. Similarly, 
thermal gains due to solar radiation also need to be considered.  

The inputs and outputs of the model are specified in Table 14. Here the change of the storage 
tank temperatures at different positions of the sensor at the next time step are the values to be 
predicted. Note that storage tank temperatures at the previous time step are also the inputs of 
the model, hence ANN model is recurrent. In addition, the inputs of the ANN model are the 
outputs of the solar collector ANN model. 

 

Table 14. Solar buffer model information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Solar radiation at 𝑡 = 𝑡𝑘−1 

Heat Flow from SC at 𝑡 = 𝑡𝑘−1 

Heat Flow to DHW Tank at 𝑡 = 𝑡𝑘−1 

Solar Buffer –upper Temperature at 
𝑡 = 𝑡𝑘−1 

Solar Buffer –lower Temperature at 
𝑡 = 𝑡𝑘−1 

Heat Flow from SC at 𝑡 = 𝑡𝑘 

Heat Flow to DHW Tank at 𝑡 = 𝑡𝑘 

Solar Buffer –upper 
Temperature shift at 𝑡 = 𝑡𝑘 

Solar Buffer –lower 
Temperature shift at 𝑡 = 𝑡𝑘 

8 15 2 

 

First NN model is trained in winter conditions based on simulation data of Jan 2—Jan 15.  
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Figure 22. Training solar buffer in winter: Predicted versus actual temperature (2 Jan—15 Jan) 

 

Considering upper tank temperature, the root mean square error over the training period 
is 𝑅𝑀𝑆𝐸 = 0.19°𝐶, which is 0.35% of the average actual upper temperature in the solar buffer. 

Mean average absolute error is 𝑀𝐴𝐸 = 0.11°𝐶, which is 0.21% of the average value. For the 
lower tank temperature we have a 𝑅𝑀𝑆𝐸 = 0.04°𝐶 (0.06% of the average lower tank 

temperature), and  𝑀𝐴𝐸 = 0.11°𝐶 (0.21% of the average value).  

Model is then validated on simulation data for a period of two weeks thereafter (16 Jan—30 
Jan), where it has been investigated how well the ANN model can predict the temperatures in 
the storage at the next time step. Results are shown in Figure 23. The error for the prediction 
of the upper tank temperature is 𝑅𝑀𝑆𝐸 = 0.32°C (0.57%) and 𝑀𝐴𝐸 = 0.14°C (0.26%). 𝑅𝑀𝑆𝐸 = 
0.10°C (0.18%) and 𝑀𝐴𝐸 = 0.14°C (0.26%) for the lower tank temperature. 

 

Figure 23. Validation of ANN model in winter (16 Jan— 30 Jan) 

 

Next ANN model is trained in summer conditions based on simulation data of the second and 
third week in July. For the temperature in the upper tank layer, we obtain a 𝑅𝑀𝑆𝐸 = 0.21°C 

(0.4% of the average upper layer tank temperature) and 𝑀𝐴𝐸 = 0.11°C (0.2% of the average 
temperature). For the temperature in the lower tank temperature, we have 𝑅𝑀𝑆𝐸 = 0.04°C 
(0.09% of the average upper layer tank temperature) and 𝑀𝐴𝐸 = 0.11°C (0.2% of the average 
temperature). 
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Figure 24. Training solar buffer in summer: Predicted versus actual temperature (8 Jul—21 Jul) 

 

The model trained in summer was validated on simulation data from Jul 22—Aug 5. Match 
between simulation and ANN predicted temperatures is shown in Figure 25. The 𝑅𝑀𝑆𝐸 = 
0.37°C (0.67% of the average upper layer tank temperature) and 𝑀𝐴𝐸 = 0.18°C (0.33% of the 

average temperature). For the temperature in the lower tank temperature, we have 𝑅𝑀𝑆𝐸 = 
0.14°C (0.25% of the average upper layer tank temperature) and 𝑀𝐴𝐸 = 0.18°C (0.33% of the 
average temperature). 

 

 

Figure 25. Validation solar buffer in summer: Predicted versus actual temperature (Jul 22—Aug 5) 
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4.4 Domestic hot water storage tank 

In this paragraph, a feedback ANN model for thermal storage tank is developed and trained 
based on the simulation data described in Section 4.1. Tank considered in this section is 
heated by a heat pump and from the solar buffer, and it is used for DHW. As the solar buffer, 
this tank is mounted on the building roof, hence external air temperature and solar irradiance 
need to be included in the list of model inputs. We assume that two temperature sensors are 
installed in the storage. The inputs and outputs of the model are specified in Table 14. Here 
the change of the storage tank temperatures at different positions of the sensor at the next 
time step are the values to be predicted. Note that storage tank temperatures are also the 
inputs of the model, because future temperature changes depend on current temperatures, 
hence we have a recurrent ANN. In addition, the inputs of the ANN model are the outputs of 
the solar buffer ANN model. 

 

Table 15. Thermal storage tank model information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Solar irradiance at 𝑡 = 𝑡𝑘−1 

Heat Flow from SC at 𝑡 = 𝑡𝑘−1 

Heat Flow from HP at 𝑡 = 𝑡𝑘−1 

DHW Demand at 𝑡 = 𝑡𝑘−1 

DHW Tank –upper Temperature at 
𝑡 = 𝑡𝑘−1 

DHW Tank –lower Temperature at 
𝑡 = 𝑡𝑘−1 

Solar Buffer –upper Temperature at 
𝑡 = 𝑡𝑘−1 

Heat Flow from SC at 𝑡 = 𝑡𝑘 

Heat Flow from HP at 𝑡 = 𝑡𝑘 

DHW Demand at 𝑡 = 𝑡𝑘 

DHW Tank –upper Temperature at 
𝑡 = 𝑡𝑘 

DHW Tank –lower Temperature at 
𝑡 = 𝑡𝑘 

 

11 15 2 

 

ANN model is firstly trained in winter conditions based on simulation data of Jan 2—Jan 15. 
On the training period,  𝑅𝑀𝑆𝐸 = 0.087°C (0.16% of the average temperature) and 𝑀𝐴𝐸 = 
0.049°C (0.09% of the average value) for the temperature in the upper layer. Error parameters 
are 𝑅𝑀𝑆𝐸 = 0.008°C (0.01% of the average temperature) and 𝑀𝐴𝐸 = 0.048°C (0.09% of the 
average value) for the temperature in the lower tank layer. The match between actual and ANN 
model prediction on the training period is shown in Figure 26.  
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Figure 26. Training ANN model in winter conditions (Jan 2—Jan 15) 

 

The validation period for the ANN model trained in the winter is Jan 16—Jan 29, where it has 
been investigated how well the ANN model can predict the temperatures in the storage at the 
next time step.  Obtained 𝑅𝑀𝑆𝐸 = 0.34°C (0.61% of the average value), and 𝑀𝐴𝐸 = 0.12°C 
(0.22% of the average) for the temperature in the upper tank layer. In the lower tank layer, 
𝑅𝑀𝑆𝐸 = 0.12°C (0.22% of the average value), and 𝑀𝐴𝐸 = 0.13°C (0.23% of the average). 

 

Figure 27. Validation of ANN model in winter conditions (Jan 16—Jan 29) 

 

Again, we trained and validated the ANN model in the summer. Training period is Jul 8—Jul 
21. Figure 28 shows how well the ANN model matches the training data. For the temperature 
of the upper tank layer we have 𝑅𝑀𝑆𝐸 =  0.069°C (0.13% of the average) and 𝑀𝐴𝐸 = 0.033°C 
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(0.06% of the average). For the lower tank layer temperature, 𝑅𝑀𝑆𝐸 =  0.005°C (0.01% of the 

average) and 𝑀𝐴𝐸 = 0.033°C (0.06% of the average). 

 

Figure 28. Training of ANN model in summer conditions (Jul 8—Jul 21) 

 

For the summer validation period Jul 22—Aug 5, we have 𝑅𝑀𝑆𝐸 =  0.186°C (0.33% of the 
average) and 𝑀𝐴𝐸 = 0.077°C (0.14% of the average) for the temperature of the upper tank 

layer. 𝑅𝑀𝑆𝐸 =  0.035°C (0.06% of the average) and 𝑀𝐴𝐸 = 0.087°C (0.16% of the average) 
for the lower tank layer temperature. 

 

Figure 29. Validation of ANN model in summer conditions (Jul 22—Aug 5) 
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4.5 Local Domestic hot water storage tanks 

In this section, we train the ANN model to describe thermal storage tanks which are located in 
apartments.  

Table 16. Thermal storage tank model information 

Model Inputs Model Outputs 𝒓 𝑺𝟏 𝑺𝟐 

External Temperature at 𝑡 = 𝑡𝑘 

Solar radiation at 𝑡 = 𝑡𝑘 

Heat Flow from DHW at 𝑡 = 𝑡𝑘 

Demand Flow to at 𝑡 = 𝑡𝑘 

DHW Tank –upper Temperature at 𝑡 = 𝑡𝑘 

Local Tank –upper Temperature at 𝑡 = 𝑡𝑘 

Local Tank –lower Temperature at 𝑡 = 𝑡𝑘 

Heat Flow from DHW at 𝑡 = 𝑡𝑘+1 

Demand Flow at 𝑡 = 𝑡𝑘+1 

Local Tank –upper Temperature shift at 𝑡 = 𝑡𝑘+1 

Local Tank –lower Temperature shift at 𝑡 = 𝑡𝑘+1 

9 15 2 

 

Training period in winter period is Jan 2—Jan 15. Figure 30 shows how well the ANN model 
matches the training data. For the temperature of the upper tank layer we have 𝑅𝑀𝑆𝐸 =  
0.57°C (1.11% of the average) and 𝑀𝐴𝐸 = 0.16°C (0.31% of the average). For the lower tank 

layer temperature, 𝑅𝑀𝑆𝐸 =  0.33°C (0.85% of the average) and 𝑀𝐴𝐸 = 0.036°C (0.93% of the 
average). 

 

Figure 30. Training of ANN model in winter conditions (Jan 2—Jan 15) 

 

Validation period for the ANN model trained in winter conditions is Jan 16—Jan 29. Figure 31 
shows how well the ANN model matches the training data. For the temperature of the upper 
tank layer we have 𝑅𝑀𝑆𝐸 =  1.61°C (2.88% of the average) and 𝑀𝐴𝐸 = 0.27°C (0.48% of the 
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average). For the lower tank layer temperature, 𝑅𝑀𝑆𝐸 =  2.60°C (6.07% of the average) 

and 𝑀𝐴𝐸 = 0.93°C (2.16% of the average). 

 

Figure 31. Validation of ANN model in winter conditions (Jan 16—Jan 29) 

 

Summer training period was Jul 8—Jul 21. On the training period,  𝑅𝑀𝑆𝐸 = 0.50°C (1.01% of 

the average temperature) and 𝑀𝐴𝐸 = 0.15°C (0.30% of the average value) for the temperature 
in the upper layer. Error parameters are 𝑅𝑀𝑆𝐸 = 0.25°C (0.67% of the average temperature) 

and 𝑀𝐴𝐸 = 0.31°C (0.83% of the average value) for the temperature in the lower tank layer. 
The match between actual and ANN model prediction on the training period is shown in Figure 
32.  

 

Figure 32. Training of ANN model in summer conditions (Jul 8—Jul 21) 
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Model is then validated on simulation data for a period of two weeks thereafter (Jul 22—Aug 
5)), where it has been investigated how well the ANN model can predict the temperatures in 
the storage at the next time step. Results are shown in Figure 33. The error for the prediction 
of the upper tank temperature is 𝑅𝑀𝑆𝐸 = 2.05°C (3.75%) and 𝑀𝐴𝐸 = 0.46°C (0.84%). 𝑅𝑀𝑆𝐸 = 

4.20°C (10.58%) and 𝑀𝐴𝐸 = 1.16°C (2.92%) for the lower tank temperature. 

 

Figure 33. Validation of ANN model in summer conditions (Jul 22—Aug 5) 

 

4.6 Validation of the whole DHW generation and production system 

In this section, we want to test the ability of our model to predict the states of the whole DHW 
system on the whole prediction horizon ahead, assuming actual states were known only at the 
beginning of the period. The match of the ANN models and training data for the first 48 hours 
of the training period is shown in Figure 34 for solar buffer, Figure 35 for DHW tank and Figure 
36 for local tank. 

 

Figure 34. Solar Buffer: Recurrent ANN for the winter training period (Jan 2—Jan 3) 
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Figure 35. DHW Tank: Recurrent ANN for the winter training period (Jan 2—Jan 3) 

 

Figure 36. Local Tank: Recurrent ANN for the winter training period (Jan 2—Jan 3) 

 

Table 17. Recurrent ANN error on a 48 hour winter training period 

 Solar Buffer DHW Tank Local Tank 

𝑇1 𝑅𝑀𝑆𝐸 0.42°C (0.77%) 0.32°C (0.59%) 0.91°C (1.76%) 

𝑇1 𝑀𝐴𝐸 0.34°C (0.62%) 0.27°C (0.49%) 0.67°C (1.29%) 

𝑇2 𝑅𝑀𝑆𝐸 0.18°C (0.32%) 0.10°C (0.19%) 0.83°C (2.17%) 

𝑇2 𝑀𝐴𝐸 0.33°C (0.62%) 0.27°C (0.49%) 0.76°C (1.97%) 
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Table 17 summarizes the error parameters for all three recurrent ANN component models on 
the winter training period. 

The match of the ANN models trained in winter and validation data for the first 48 hours of the 
validation period is shown in Figure 37 for solar buffer, Figure 38 for DHW tank and Figure 39 
for local tank. 

 

Figure 37. Solar buffer: Recurrent ANN for the winter validation period (Jan 16—Jan 17) 

 

Figure 38. DHW Tank: Recurrent ANN for the winter validation period (Jan 16—Jan 17) 
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Figure 39. Local Tank: Recurrent ANN for the winter validation period (Jan 16—Jan 17) 

 

Table 18. Recurrent ANN error on a 48 hour winter validation period 

 Solar Buffer DHW Tank Local Tank 

𝑇1 𝑅𝑀𝑆𝐸 0.99°C (1.6%) 0.46°C (0.82%) 1.67°C (2.88%) 

𝑇1 𝑀𝐴𝐸 0.81°C (1.3%) 0.37°C (0.67%) 1.16°C (2.07%) 

𝑇2 𝑅𝑀𝑆𝐸 0.98°C (1.6%) 0.21°C (0.38%) 2.80°C (6.55%) 

𝑇2 𝑀𝐴𝐸 0.81°C (1.3%) 0.37°C (0.67%) 1.32°C (3.08%) 

 

Table 18 summarizes the error parameters for all three recurrent ANN component models on 
the winter validation period. 

The match of the ANN models and training data for the first 48 hours of the summer training 
period is shown in Figure 40 for solar buffer, Figure 41 for DHW tank and Figure 42 for local 
tank. 
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Figure 40. Solar Buffer: Recurrent ANN for the summer training period (Jul 8—Jul 9) 

 

Figure 41. DHW Tank: Recurrent ANN for the summer training period (Jul 8—Jul 9) 

 

Figure 42. Local Tank: Recurrent ANN for the summer training period (Jul 8—Jul 9) 
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Table 19. Recurrent ANN error on a 48 hour summer training period 

 Solar Buffer DHW Tank Local Tank 

𝑇1 𝑅𝑀𝑆𝐸 0.90°C (1.7%) 0.28°C (0.54%) 1.2°C (2.07%) 

𝑇1 𝑀𝐴𝐸 0.74°C (1.4%) 0.22°C (0.41%) 0.86°C (1.7%) 

𝑇2 𝑅𝑀𝑆𝐸 0.81°C (1.5%) 0.08°C (0.15%) 1.04°C (2.79%) 

𝑇2 𝑀𝐴𝐸 0.74°C (1.4%) 0.22°C (0.41%) 0.87°C (2.32%) 

 

 

 

Table 19 summarizes the error parameters for all three recurrent ANN component models on 
the summer training period. 

The match of the ANN models trained in summer and validation data for the first 48 hours of 
the validation period is shown in Figure 43 for solar buffer, Figure 44 for DHW tank and Figure 
45 for local tank. 
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Figure 43. Solar Buffer: Recurrent ANN for the summer validation period (Jul 22—Jul 23) 

 

Figure 44. DHW Tank: Recurrent ANN for the summer validation period (Jul 22—Jul 23) 

 

Figure 45. Local Tank: Recurrent ANN for the summer validation period (Jul 22—Jul 23) 

Table 20. Recurrent ANN error on a 48 hour summer validation period 
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 Solar Buffer DHW Tank Local Tank 

𝑇1 𝑅𝑀𝑆𝐸 0.53°C (0.95%) 0.37°C (0.67%) 1.28°C (2.35%) 

𝑇1 𝑀𝐴𝐸 0.36°C (0.64%) 0.32°C (0.58%) 0.81°C (1.49%) 

𝑇2 𝑅𝑀𝑆𝐸 0.28°C (0.51%) 0.14°C (0.25%) 1.65°C (4.15%) 

𝑇2 𝑀𝐴𝐸 0.36°C (0.64%) 0.30°C (0.55%) 0.91°C (2.29%) 

 

Table 20 summarizes the error parameters for all three recurrent ANN component models on 
the summer validation period. 
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5 Heating, cooling and DHW demands 

Promising results have been obtain when modelling heating and cooling demand using neural 
network approach for residential buildings. Mihalakakou, Santamouris, and Tsangrassoulis 
(2002) propose a feed forward back propagation neural network with one hidden layer for 
modelling and estimating the energy consumption time series for a residential building in 
Athens, using as inputs external air temperature and solar irradiation. Log-sigmoid transfer 
function is chosen for the hidden layer which has 17—22 nodes, and linear transfer function 
for the output layer. In addition, “multi-lag” predictions were used for external air temperature 
and total solar radiation and the values could be estimated for several days in advance for the 
warm period of the year with sufficient accuracy. The results are tested with extensive sets of 
non-training measurements and it is found that building heating and cooling demand 
correspond well with the actual values. In another work, González and Zamarreño (2005) 
predict hourly electricity consumption in a building based on feedback neural network. Not only 
system output, but also system state are predicted by the ANN, based on the system input and 
a presumable initial state value. The ANN prediction of the system state, is fed back to the 
network via a one- step delay. For training of the ANN, a hybrid algorithm combining delta rule 
and random search is performed. The authors demonstrate excellent results of the method for 
electric load forecasting in buildings for two ASHRAE benchmark data sets. For more 
contributions, the reader is referred to Neto and Fiorelli (2008), (Ekici and Aksoy 2009), 
(Dombaycı 2010), (Shilin et al. 2010) and (Paudel et al. 2014). 

ANN predicts the heating demand and the indoor temperature for the next time step. The 
proposed model is a feedback ANN, since the inputs of the ANN model, apart from the 
meteorological data and time of the day in hours, are indoor temperature and the heating 
demand at the current time step.  

 

Table 21. H&C demand modelling information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Solar irradiance at 𝑡 = 𝑡𝑘−1 

Hour of the day at 𝑡 = 𝑡𝑘−1 

Indoor Temperature at 𝑡 = 𝑡𝑘−1 

Heating/Cooling Demand at 𝑡 = 𝑡𝑘−1 

Heating/Cooling Demand at 
𝑡 = 𝑡𝑘 

Indoor Temperature shift at 
𝑡 = 𝑡𝑘 

 

5 15 2 

 

One step ahead prediction of the ANN model trained on the simulation data from 2 Jan—15 
Jan for the indoor air temperature is presented in Figure 46. One step ahead prediction for the 
heating demand can be seen in Figure 47. Coefficient of determination over the whole-time 
interval is 94.17% for the indoor temperature and 93.8% for the heating demand. 
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Figure 46. One step ahead prediction of the indoor temperature (2 Jan—15 Jan) 

 

Figure 47. One step ahead prediction of the heat power (2 Jan—15 Jan) 
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For the validation of one step ahead prediction of the trained ANN model, a week after the 
training period is chosen (16 Jan—23 Jan). The comparison of the model output against actual 
data can be seen in Figure 48 for the indoor temperature and in Figure 49 for the heating 
demand. 

 

Figure 48. One step ahead prediction of the temperature on the validation period (16 Jan—23 Jan) 

 

Figure 49. One step ahead prediction of the heating demand on the validation period (16 Jan—23 Jan 
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Next, the ANN model is tested for a longer time prediction. Here, the initial indoor temperature 
and heating demand are feed into the model. Prediction is made for a number of succeeding 
time steps. At each time step, previous prediction of the ANN for the demand and indoor 
temperature is feed to ANN as input (since a feedback ANN is employed). The model is tested 
for a one-week period (16 Jan—23 Jan). Validation results can be seen in Figure 50 for the 
indoor air temperature and in Figure 51 for the heating demand. It can be seen that prediction 
of the indoor air temperature and heating demand for the next 24 hours is satisfactory. The 
prediction error of the indoor air temperature seems to increase over time, which is expected 
due to accumulation of the modelling error. However, for the purpose of the MPC control 
strategy, this is quite satisfactory, since the prediction horizon which we will employ is 24 hours. 

 

Table 22. Coefficient of determination for temperature and heating demand prediction 

 Coefficient of determination [%] 

 Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 

Indoor Temperature 93.61 69.52 92.70 5.84 72.13 60.21 89.66 

Heating Demand 88.33 84.85 93.28 95.11 64.95 93.99 96.02 

 

The error considered for each day of the week separately, is summarized in Table 22. Note 
that for the temperature, the prediction is the best on the first day, and worst on the fourth day 
of the prediction horizon, when the temperature was under-estimated.  

 

Figure 50. One week prediction of indoor air temperature (16 Jan—23 Jan) 
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Figure 51. One week prediction of heat demand (16 Jan—23 Jan) 

 

Figure 52. Cumulative heating energy on the validation period (16 Jan—23 Jan) 
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For the heating demand, the prediction is satisfactory for all days, except the fifth, where the 
heating demand was larger than the actual value. This could be caused by the under-
estimation of the indoor temperature on the previous day. 

In Figure 52 an integral of the heating demand on the validation period can be seen. Note that 
the error of the heating energy prediction increases in time, due to the accumulation of the 
modelling error. 

 

Table 23. DHW demand modelling information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Hour of the day at 𝑡 = 𝑡𝑘−1 

Day of the week at 𝑡 = 𝑡𝑘−1 

Day of the year at 𝑡 = 𝑡𝑘−1 

Daily DHW Demand at 𝑡 = 𝑡𝑘−1 

DHW Demand at 𝑡 = 𝑡𝑘 5 15 1 

 

5.1 Thermal storage tank for heating and cooling 

In this paragraph, a feedback ANN model for thermal storage tank is developed and trained 
based on the simulation data described in Section 4.1. An example of successful ANN 
modelling of a stratified storage tank can be found in (Géczy-Víg and Farkas 2010). In their 
work, the authors model a stratified storage tank of a thermal solar system to predict the 
temperature in each of eight equally-sized layers. They utilize an extended model consisting 
of two ANN models: one for non-load periods, and one for load periods. Both ANN are two-
layered with log-sigmoid transfer function in the first layer and linear transfer function in the 
second layer. Authors conclude that the developed ANN model, although requires a great 
number of measured data, is more simple and more exact than the related physically based 
model. 

Tank considered in this section is heated by a heat pump and solar collectors, and it is used 
for DHW and heating. We assume that four temperature sensors are installed in the storage. 
The inputs and outputs of the model are specified in Table 14. Here the change of the storage 
tank temperatures at different positions of the sensor at the next time step are the values to be 
predicted. Note that storage tank temperatures are also the inputs of the model, because future 
temperature changes depend on current temperatures, hence we have a feedback ANN. In 
addition, the inputs of the ANN model are the outputs of the heat pump ANN model and solar 
collector ANN model. 
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Table 24. Thermal storage tank model information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Solar irradiance at 𝑡 = 𝑡𝑘−1 

Heat Flow from HP at 𝑡 = 𝑡𝑘−1 

Heating/Cooling Demand at 𝑡 = 𝑡𝑘−1 

H&C Tank –upper Temperature at 
𝑡 = 𝑡𝑘−1 

H&C Tank –lower Temperature at 
𝑡 = 𝑡𝑘−1 

Heat Flow from HP at 𝑡 = 𝑡𝑘 

Heating/Cooling Demand at 𝑡 = 𝑡𝑘 

H&C Tank –upper Temperature at 
𝑡 = 𝑡𝑘 

H&C Tank –lower Temperature at 
𝑡 = 𝑡𝑘 

 

8 15 2 

 

First NN model is trained in winter conditions based on simulation data of Jan 2—Jan 8.  

 

Figure 53. Training data for the NN model 

 

Coefficient of determination 𝑅2 of the trained ANN model for one step ahead prediction is equal 
to 99.29% for the sensor 1 temperature, 99.64% for sensor 2, 99.56% for sensor 3 and 99.32% 
for the sensor 4 temperature. The match between actual and the one step ahead model outputs 
for the last day of the training period (Jan 1), is shown in Figure 54. 
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Figure 54. Match between actual and NN model storage temperatures (Jan 1) 

 

Model is then validated on simulation data for a day thereafter (9 January), where it has been 
investigated how well the ANN model can predict the temperatures in the storage at the next 
time step. Results are shown in Figure 23. Coefficient of determination on the validation period 

is 𝑅2 =. 

 

Figure 55. Validation of ANN model (9 January) 
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Note that Next ANN model is trained in summer conditions based on simulation data of the 
first week in August, and validated on data for the following week. Coefficient of 

determination 𝑅2 on the validation period is 97.22% for sensor 1 temperature, 97.65% for 
sensor 2, 98.9% for sensor 3, and 97.97% for sensor 4 temperature. 

5.2 Heat Pump 

The inputs and outputs of the ANN model for the heat pump are specified in Table 25, where 
it is to be noted that only the electric consumption of the heat pump is predicted by the model. 

 

Table 25. Heat pump modelling information 

Model Inputs Model Outputs 𝑘 𝑆1 𝑆2 

External Temperature at 𝑡 = 𝑡𝑘−1 

Heat flow to DHW tank at 𝑡 = 𝑡𝑘 

Heat flow to H&C tank at  𝑡 = 𝑡𝑘 

H&C Tank –upper Temperature at 
𝑡 = 𝑡𝑘−1 

H&C Tank –lower Temperature at 
𝑡 = 𝑡𝑘−1 

DHW Tank –upper Temperature at 
𝑡 = 𝑡𝑘−1 

DHW Tank –lower Temperature at 
𝑡 = 𝑡𝑘−1 

H&C Tank –upper Temperature at 
𝑡 = 𝑡𝑘 

H&C Tank –lower Temperature at 
𝑡 = 𝑡𝑘 

DHW Tank –upper Temperature at 
𝑡 = 𝑡𝑘 

DHW Tank –lower Temperature at 
𝑡 = 𝑡𝑘 

Electric energy consumption at 
𝑡 = 𝑡𝑘 

11 15 1 

 

Training data for the model are taken to be the Trnsys simulation data for Jan 2—Jan 15 as 
described at the beginning of Chapter 0. Match between the actual heat pump consumption 
and the ANN model output can be seen in Figure 56.  
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Figure 56. Match between the actual heat pump electric consumption and ANN model on winter training 
period  

 

 

Figure 57. Match between the actual heat pump COP and ANN model on winter training period 

 

The root mean square error for the electricity consumption on the training period is 𝑅𝑀𝑆𝐸 = 
10.39 W, which equals 1.38% of the average consumption. Mean absolute error is 𝑀𝐴𝐸 = 8.13 
W, which is 1.01% of the average value. Next, we analyze how the trained model estimates 
the heat pump’s coefficient of performance (COP). The match between the real COP and the 
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estimated by the ANN model is given in Figure 57. We have following error parameters: 𝑅𝑀𝑆𝐸 

= 0.055 (1.37% of the average heat pump COP) and 𝑀𝐴𝐸 = 0.041 (1.15%). Total electric 
energy on the validation period is compared in Figure 58, and the predicted and actual 
consumed electric energy are given in Table 26. 

 

Figure 58. Match between the actual total electric energy and ANN model on winter training period 

 

Table 26. Total electric energy on winter training period 

Actual energy Predicted energy (ANN) Error 

69.72 kWh 69.64 kWh -0.10% 

 

 

Trained heat pump model is further tested on the winter validation period 16 Jan—29 Jan.  

On the validation period, 𝑅𝑀𝑆𝐸 = 18.75 W (4.41%) and 𝑀𝐴𝐸 = 9.04W (2.13%) for the electric 

consumption, which is a very satisfying performance. For the heat pump COP, 𝑅𝑀𝑆𝐸 = 0.078 
(4.21%) and 𝑀𝐴𝐸 = 0.038 (2.03%). Total electric energy on the validation period is compared 
in Figure 61, where it can be consumed electric energy is predicted with insignificant error (see 
Table 27). 

Next, the model is trained and validated in summer working conditions. As in the previous 
sections, first two weeks of July (Jul 1—Jul 14) are chosen as the training period, and the third 

and fourth week in July (Jul 15—Jul 28) as validation period. On the training period 𝑅𝑀𝑆𝐸 = 

3.92 W (0.74%) and 𝑀𝐴𝐸 = 3.07W (0.58%) for the electric consumption. For the heat pump 
COP, 𝑅𝑀𝑆𝐸 = 0.039 (0.79%) and 𝑀𝐴𝐸 = 0.030 (0.62%).  The match of the electric 
consumption and COP, between actual data and ANN model are shown in Figure 62 and 
Figure 63. Total electric energy is shown in Figure 64 and Table 28. 
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Figure 59. Match between the actual electric consumption and ANN model on winter validation period 

 

 

 

Figure 60. Match between the actual heat pump COP and ANN model on winter validation period 
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Figure 61. Match between the actual total electric energy and ANN model on winter validation period 

 

Table 27. Total electric energy on winter validation period 

Actual energy Predicted energy (ANN) Error 

92.22 kWh 92.97 kWh 0.82% 

 

 

Figure 62. Match between the actual electric consumption and ANN model on summer training period 
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Figure 63. Match between the heat pump COP and ANN model on summer training period 

 

Figure 64. Match between the actual electric energy and ANN model on summer training period 

 

Table 28. Total electric energy on summer training period 

Actual energy Predicted energy (ANN) Error 

60.634 kWh 60.635 kWh 0.0014% 
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On the validation period 𝑅𝑀𝑆𝐸 = 3.78 W (3.59%) and 𝑀𝐴𝐸 = 1.37W (1.30%) for the electric 

consumption. For the heat pump COP, 𝑅𝑀𝑆𝐸 = 0.047 (4.37%) and 𝑀𝐴𝐸 = 0.016 (1.45%). The 
match between actual values and ANN model for electric consumption, COP and total electric 
energy on the summer validation period is shown in Figure 65, Figure 66 and Figure 67.  

 

Figure 65. Match between the actual electric consumption and ANN model on summer training period 

 

 

Figure 66. Match between the actual heat pump COP and ANN model on summer training period 
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Figure 67. Match between the actual electric energy and ANN model on summer training period 

 

Table 29. Total electric energy on summer validation period 

Actual energy Predicted energy (ANN) Error 

38.25 kWh 38.11 kWh -0.36% 

 

5.3 Memory requirements and calculation effort 

In this paragraph, analysis is performed to determine the memory requirements and calculation 
effort needed to implement ANN system modelling. For this purpose, assume that the neural 
network model has 𝑘 model inputs, one hidden layer with 𝑆1 neurons, and an output layer 
with 𝑆2 neurons (number of model outputs). Then the size of weight matrices and bias vectors 
has dimensions as specified in Table 30. 

 

Table 30. Dimensions of neural network coefficient matrices 

Matrix/vector Dimension Precision Memory [byte] 

𝑾1 𝑆1 × 𝑘 64 bit 8(𝑆1 × 𝑘) 

𝑾2 𝑆2 × 𝑆1 64 bit 8(𝑆2 × 𝑆1) 

𝒃1, 𝒏1, 𝒂1 𝑆1 × 1 64 bit 8(𝑆1 × 1) 

𝒃2, 𝒏2, 𝒂2 𝑆2 × 1 64 bit 8(𝑆2 × 1) 

Total per model (𝑆1 + 𝑆2)(𝑘 + 3) + 𝑆1𝑆2 64 bit 8[(𝑆1 + 𝑆2)(𝑘 + 3) + 𝑆1𝑆2] 

 

Based on dimensions given in Table 30, the memory requirements for NN configurations 
defined in Chapters 0 to 5.2 are calculated and given in Table 31. 
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Table 31. Modelling memory requirement per component 

Component Memory [MB] 

Solar Collector 1.5 

Thermal Storage Tank 2.4 

Heating, Cooling and DHW Demand 0.6 

Heat Pump 0.7 

 

From Table 31 we see that memory requirement for an ANN model of a whole HVAC system 
depends on the system configuration and would typically range between 5 MB and 15MB. This 
data should be saved locally, since they will be utilized at every time step when prediction of 
the needs to be made to optimize the system operation. Further, network training algorithm 
requires past monitoring data as training data sets. Hence, a certain amount of data storage 
needs to be assigned for this purpose. Training data are saved in a queue of a fixed length, 
such that each time new monitoring data is available, it is saved in the queue and the oldest 
set of monitoring data is pushed out. 

 

 

Figure 68. Neural network on-line learning flow-chart 

 

Flow-chart of the iterative ANN model training algorithm is given in Figure 68. Each time step 
when new monitoring data is available, queue with the training data sets is updated. However, 
the network is trained only once per day to reduce the calculation effort, or more precisely, 
every day at 00:00, the back-propagation algorithm is performed one training set (𝒑, 𝒚𝑝𝑙𝑎𝑛𝑡) at 
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the time, proceeding from oldest to the youngest data set. This way, it is assured that the ANN 
model is adapting to any changes happening to the system.  

Assume that we want to save monitoring data of the past 𝑁𝑑𝑎𝑦 days, where the data is collected 

with the time step Δ𝑡, and assume that the total number of system input values is �̃�, and the 

total number of system states is �̃�. Then the necessary data storage for the training data is 
summarized in Table 32. 

Table 32. Size of NN training data 

Kind of data Dimension Precision Memory [byte] 

Monitoring data 
for NN training 

𝑁𝑑𝑎𝑦

Δ𝑡
(�̃� + �̃�) 

16 bit 
2

𝑁𝑑𝑎𝑦

Δ𝑡
(�̃�1 + �̃�) 

 

For example, for a simple system with one storage tank, solar collector, and a heat pump, the 

number of system inputs and states is �̃� + �̃� = 18, and assuming data is saved once every 5 
minutes over last 30 days, the total data saved is around 300 MB. Assuming more complex 
system configurations, the training data size might increase up to 500 MB. 

Next, the calculation effort to train a neural network model using back-propagation algorithm 
described in 3.1 is evaluated. Since log-sigmoid function has been used as a transfer function 
in the first layer, there is a need to evaluate exponential function in the algorithm. For this 
reason, the exponential value is estimated using Taylor series expansion: 

𝑒𝑥 ≈ ∑
𝑥𝑘

𝑘!

𝐾

𝑘=0

 

Assuming that |𝑥| < 5, taking 𝐾 = 10 implies approximation error of order ℴ(10−5), which is 
considered acceptable. Hence, computational complexity of the back-propagating algorithm 
for a two-layer neural network with 𝑘 inputs, 𝑆1 neurons in the first layer with log-sigmoid 
transfer function and 𝑆2 neurons in the second layer with linear transfer function, obtained per 
training sample is summarized in Table 33. 

 

Table 33. Computational complexity for a two-layer NN training algorithm 

Operation Operation number 

Addition 𝑆1(𝑘 + 𝐾 + 3) + 𝑆2(𝑆1 + 1) 

Subtraction 𝑆1 

Multiplication 𝑆1(𝑘 + 2𝐾 + 𝑆2) 

Division 𝑆1 

 

Now, the calculation effort per training sample for component models as described above is 
calculated and summarized in Table 34. 
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Table 34. Computational complexity component-wise per training sample 

Component Addition/Subtraction Multiplication/Division 

Solar Collector 401 540 

Thermal Storage Tank 485 620 

H&C and DHW Demand 181 250 

Heat Pump 192 260 
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6 Optimization algorithm 

In this subsection, an algorithm for solving constrained non-linear optimization problem for 
MPC control is considered. The algorithm should be completed in real-time, meaning that the 
time to perform the algorithm always needs to be smaller than the MPC time step. A genetic 
algorithm (GA) is chosen for optimization. A typical chart-flow of GA is shown in Figure 69. The 
algorithm starts by generating an initial population. Let 𝑃 denote the number of individuals in 
each population. An individual represents a solution candidate for the optimization problem. 
For every individual the value of the cost function is evaluated and if an optimal solution is 
found or maximal number of generations (denoted by 𝐺) is reached, the algorithm stops. 
Otherwise, a new generation is created by choosing the best individuals and performing cross-
over and mutation. These steps are explained in more detail in the subsequent paragraphs. 
For an extensive overview on genetic algorithms, interested reader is referred to (Mitchell 
1999). 

 

Figure 69. Genetic algorithm flow-chart 

 

6.1 Individuals and initial population 

Recall that a control input at time step 𝑡 = 𝑡𝑘 has the following form: 

 

𝑢(𝑘) = [ �̇�𝐻𝑃,𝑇𝑆1
(𝑘)… �̇�𝐻𝑃,𝑇𝑆𝑛 (𝑘), �̇�𝐿𝑇𝑆1

(𝑘)… �̇�𝐿𝑇𝑆𝑙
(𝑘)]

⊤
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Here, �̇�𝐻𝑃,𝑇𝑆𝑖
 denotes the heat flow provided by the heat pump to the 𝑖-th central storage, 

and �̇�𝐿𝑇𝑆𝑗
 denotes the heat flow from the central storage to 𝑗-th local storage. Notice that for 

different configurations, as defined in Deliverable 2.10 (Dipasquale 2017), the structure of the 
vector 𝑢 changes depending whether there are local storages in each apartment and how 
many, and on the number and existence of central storages in the building. 

A single individual 𝑈 in the genetic algorithm represents a control input vector over the whole 
prediction horizon: 

𝑈 =  [𝑢(𝑘) 𝑢(𝑘 + 1)…𝑢(𝑘 + 𝑁 − 1)] 

Note that the dimension of 𝑈 is (𝑛 + 𝑙) × 𝑁. The total heat flow delivered by the heat pump to 
central storages is assumed to be bounded from above: 

∑�̇�𝐻𝑃,𝑇𝑆𝑖
(𝑘 + 𝑠) ≤ �̇�𝑀𝑎𝑥

𝑛

𝑖=1

,   ∀𝑠 ∈ {0,1,… ,𝑁 − 1}  

 

The same constraint holds for the total heat flow delivered to local storages: 

∑�̇�𝐿𝑇𝑆𝑙
(𝑘 + 𝑠) ≤ �̇�𝑀𝑎𝑥

𝑙

𝑗=1

,   ∀𝑠 ∈ {0,1,… ,𝑁 − 1}  

Also all heat flows are required to be non-negative: 

�̇�𝐻𝑃,𝑇𝑆𝑖
, �̇�𝐿𝑇𝑆𝑗

≥ 0 

There are also minimum and maximum restrictions on the temperature of the storages: 

 

𝑇𝑀𝑖𝑛 ≤ 𝑇𝑇𝑆𝑖
≤ 𝑇𝑀𝑎𝑥   ∀𝑖 ∈ { 1, … , 𝑛} 

𝑇𝐿,𝑀𝑖𝑛 ≤ 𝑇𝐿𝑇𝑆𝑗
≤ 𝑇𝐿,𝑀𝑎𝑥   ∀𝑗 ∈ { 1, … , 𝑙} 

 

The control variable 𝑈 is continuous, meaning that heat flows can take on real non-negative 
values such that the above constraints are satisfied. However, it is beneficial to discretize the 
space of control input for the purpose of optimization. For this reason, let all possible control 

inputs be a multiplicative of 
�̇�𝑀𝑎𝑥

𝑀
: 

�̇�𝐻𝑃,𝑇𝑆𝑖
, �̇�𝐿𝑇𝑆𝑙

∈ {0,
�̇�𝑀𝑎𝑥

𝑀
,… ,

(𝑀 − 1)�̇�𝑀𝑎𝑥

𝑀
, �̇�𝑀𝑎𝑥} 

 

Now we can write: 

�̇�𝐻𝑃,𝑇𝑆𝑖
= 𝑑𝐻𝑃,𝑇𝑆𝑖

 
�̇�𝑀𝑎𝑥

𝑀
,    𝑑𝐻𝑃,𝑇𝑆𝑖

∈ { 0,1,… , 𝑀} 

�̇�𝐿𝑇𝑆𝑙
= 𝑑𝐿𝑇𝑆𝑙

 
�̇�𝑀𝑎𝑥

𝑀
,    𝑑𝐿𝑇𝑆𝑖

∈ { 0,1, … ,𝑀} 

 

This notation is the chromosomal representation to be used in the GA. 
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A very important step of the GA is the choice of the initial population. Let 𝑈𝑖𝑛,𝑔 denote the 𝑖𝑛-

th individual of the 𝑔-th population. First step is to make use of the past solved optimization 
problems. One observation which can be made is that there is a chance that the conditions of 
the last days may be close to the conditions of the day lying ahead: external temperature, solar 
irradiance, behaviour of the occupants, etc. Therefore, the optimal solution for the day ahead 
may be similar to some of the solutions for previous days. We limit this period to one week, 
and we define first seven individuals of the initial population 𝑈1,1, …𝑈7,1 to be equal to the 

solution of the previous week. The rest of the initial population 𝑈8,1, …𝑈𝑃,1 are chosen randomly 

such that the constraints are satisfied.  

6.2 Selection procedure 

In order to choose the best performing individuals, the value of the cost function needs to be 
evaluated for each of them. Taken the initial values of the system, the NN model is evaluated 
at all the time steps of the prediction horizon, before the value of the cost function can be 
calculated. The calculation effort to perform cost function evaluation for one individual is 
summarized in Table 35.Table 35. Calculation effort for a cost function evaluation. 

 

Table 35. Calculation effort for a cost function evaluation 

Operation Operation number 

Addition 𝑁[𝑆1(𝑘 + 𝐾 + 3) + 𝑆2(𝑆1 + 1) + 𝑙 + 𝑛 − 1] 

Subtraction 𝑁 𝑆1 

Multiplication 𝑁 [𝑆1(𝑘 + 2𝐾 + 𝑆2) + 1] 

Division 𝑁 𝑆1 

Comparison 2 𝑁 (𝑛 + 𝑙 + 1) 

 

Next generation shall be created in a following way: a number of fittest individuals is chosen 
to automatically be included in the next generation. For example, 10% of the fittest individuals 
in copied into next generation. We refer to them as elite. The rest of the next generation called 
children is created by cross-over of parents chosen in the selection procedure. In this 
paragraph, we discuss how the parent couples for the next generation are chosen based on 
their fitness (see Figure 70). 

The tournament selection rule is used for the choice of parents of the new generation. First, 
four individuals are chosen randomly, where each individual has equal chance to be selected. 
Then, first individual is compared against the second, and third individual is compared against 
the fourth. That individual with better fitness, or in our case lower cost function, comes out as 
a winner. As a result, we obtain two individuals which are the parents. The creation of children 
is considered in the next paragraph. 

 



 

 

www.BuildHeat.eu  Page 72 of 76 

 

Figure 70. Flow-chart for selection procedure 

6.3 Cross-Over procedure 

Let 𝑝𝑐 denote the probability of cross-over. A typical value for cross-over probability is 𝑝𝑐 = 0.7. 
Assume that we have identified two parents by selection procedure. Is randomly generated 
number 𝑝 is smaller than the cross-over probability 𝑝𝑐 then the cross-over occurs. In that case, 
a new random number is generated which determines at which point on the prediction horizon 
does the cross over occur. First child inherits control input from the first parent on the first part 
of the prediction horizon, and control input from the second parent on the second part of the 
horizon. For the second child, inheritance of the control input happens other way around (see 
Figure 71). After the children have been created, proceed to mutation phase. In case that the 
cross-over does not happen, both parents proceed to mutation phase. 
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Figure 71. Flow-chart for the cross-over 

 

6.4 Mutation procedure 

Let 𝑝𝑚 denote the probability of mutation. A typical value is 𝑝𝑚 = 0.015. If a randomly 
generated number 𝑝 is smaller than mutation probability 𝑝𝑚, then mutation occurs, otherwise 
the child is added to the newly generated population without any change. In case of mutation, 
however, two randomly chosen mutation time steps on the prediction horizon are generated: 
one for the mutation of the central storage control input, and one for the local storage control 
inputs. For the central storages, the control input for 𝑀𝑐-th storage unit is mutated (at time 

step 𝑘 + 𝑀1), and for the local storages, the control input for 𝑀𝑙-th storage unit is mutated (at 
time step 𝑘 + 𝑀2). More precisely, 

𝑑𝐻𝑃,𝑇𝑆𝑀𝑐
←  𝑑𝐻𝑃,𝑇𝑆𝑀𝑐

+ (−1)𝑀2 

𝑑𝐿𝑇𝑆𝑀𝑙
←  𝑑𝐿𝑇𝑆𝑀𝑙

+ (−1)𝑀1 

Note that the mutated heat flows either increase or decrease with respect to the old ones, 
depending if the random numbers 𝑀1 and 𝑀2 are odd or even. Flow-chart for mutation is 
depicted in Figure 72. 
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Figure 72. Mutation chart-flow 

6.5 Computational effort of the optimization algorithm 

In this paragraph we study the computational effort of performing the genetic algorithm 
presented here. Computationally most expensive is the evaluation of the cost function for a 
single individual. Maximal number of these evaluations is equal to maximal number of 
generations times the number of individuals in each population 𝐺 × 𝑃, which represents the 
scenario when each generation consists of completely different individuals, and the algorithm 
does not converge, but instead reaches the maximum number of generations. Further, a 
random number generator is applied six times for creating two children, hence totally it is 
applied maximally 3𝑃 × 𝐺 number of times. 

In case when we have a simple system configuration consisting of a solar storage tank and 
one central storage tank, and we assume a time step of 15 minutes (𝑁 = 96), we have a control 
input matrix of the size 2 × 96, which is in total 192 entries. This implies that a population of at 

least 𝑃 = 50 should be taken and let maximum number of generations be 𝐺 = 100. Finally, this 
means that cost function is evaluated maximally 2000 times, 1300 addition/subtraction 
operations and 1700 multiplication/division operations per evaluation. Random number 
generator is applied maximally 5000 times during algorithm run. 
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