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Abstract 

 

District Heating and Cooling networks have great potential for energy saving, efficient thermal 

energy distribution and renewable energy source integration. Currently, heating systems are managed 

on the basis of operator experience or by using adaptive controllers, however these solutions are not 

suitable when there are remarkable variations in boundary conditions. In this context, Model 

Predictive Control is a promising strategy as it optimizes control based on the prediction of the future 

behavior of system dynamics and disturbances by means of simplified models. This paper presents 

the development of a predictive controller based on a novel Dynamic Programming optimization 

algorithm and aimed to supply the thermal energy to entire buildings within district heating networks. 

The controller is exploited to operate the district heating network of a school complex in a simulation 

environment (i.e. Model-in-the-Loop). Each branch connected to the network is optimized by a 

dedicated controller according to a multi-agent strategy. The performance of the innovative controller 

is compared to the results obtained by using a conventional PID controller. Conservative results show 

that, with the innovative controller, a reduction in fuel consumption of up to more than 7 % is obtained 

together with up to 5 hours of avoided failures of the indoor comfort constraints, depending on the 

season. Overall, the Model-based Predictive Controller is able to fulfill comfort requirements 

 
* Corresponding author.  

     E-mail address: costanza.saletti@unipr.it 

 

mailto:costanza.saletti@unipr.it


2 
 

adequately while minimizing energy consumption. Moreover, the multi-agent approach allows these 

results to be extended to larger networks in future studies.  

 

Keywords: Model Predictive Control; Dynamic Programming; District Heating and Cooling network; 

identification; optimization. 

 

 

 

1. Introduction 

Heating is the largest single energy end-use within buildings. It currently accounts for 42 EJ/yr, i.e. 

36 % of the total building energy consumption [1]. Therefore, this large consumption must be taken 

as an opportunity to improve energy efficiency and to increase savings. A solution can be found from 

District Heating and Cooling networks (DHC) which, by distributing thermal energy to buildings 

(e.g. residential and commercial), give rise to synergies, such as gaining flexibility, increasing the 

share of renewable energy sources [2] and exploiting more energy efficient buildings [3].  

At present, however, the large variety of available energy sources has introduced new challenges such 

as the efficient allocation of the load and the management of these systems [4]. Moreover, the high 

variability of weather conditions and atmospheric instability due, for instance, to climate change 

requires innovative approaches that are able to optimize energy distribution. In fact, the application 

of Smart Technologies is paramount in achieving the key targets (i.e. greenhouse gas emission 

reduction, energy efficiency improvement and production from renewables) established by the 

European Commission [5]. 

With this in mind, one of the most promising smart control strategies for energy systems is Model 

Predictive Control (MPC) which, contrary to conventional approaches, is based on the prediction of 

the future behavior of the system and external conditions (Figure 1). Model Predictive Control is a 

family of control strategies that uses a dynamic model of the system to predict its behavior over a 

future time horizon, named the prediction horizon. The dynamic behavior of the system and the 
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forecast of the external disturbances are exploited to calculate the optimal control law by solving a 

constrained optimization problem that minimizes cost function. The prediction horizon is discretized 

in a certain number of time-steps. The output of the MPC is a sequence of control actions that shall 

be executed to obtain the optimal behavior of the system. However, only the first element of this 

control law, corresponding to the first time-step, is actually implemented in the real system. Then, 

the time horizon is moved one step forward (i.e. receding time horizon strategy), the system state 

variables are updated with the measurements of their current values and the whole calculation is 

repeated. This state update produces implicit feedback and reduces the influence of the uncertainty 

of disturbances and modeling approximations. 

 

Figure 1. Schematic representation of the concept of Model Predictive Control: solution to a constrained optimization 

problem, which considers the prediction of the future behavior of the system by a dynamic model and the future 

disturbances. The resulting optimal inputs are used to control the system until the optimization problem at the following 

time-step is solved.  

 

This control technique presents several advantages over other methods, such as [6]: 

• it needs limited knowledge of control because its concepts are very intuitive; 

• it can be used to control a large variety of processes; 

• it can deal with multivariable cases; 

• it introduces feed-forward control in a natural way to compensate for measurable disturbances. 

Nevertheless, it presents some drawbacks, the most significant of which is the higher computational 

effort for the derivation of the control law with respect to traditional control methods. This has limited 
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the MPC applications to the areas in which the processes to be controlled are slow enough to enable 

online optimization [7]. The further developments in computing power and in modeling and 

optimization techniques have fostered the diffusion of MPC techniques, but it has to be underlined 

that the limit still remains: a balance has to be found between the complexity of the model of the 

controlled system and the necessity to obtain an optimal (or, in some cases, only feasible) control law 

within the length of a time-step. In any case, the prediction errors due to the simplifications in the 

model development are corrected by updating the system states by means of the measurements 

collected at each time-step. For this reason, black-box models identified on measurements or 

simplified white- or gray-box models are preferred to detailed physics-based models. 

In this paper, an MPC controller is developed and analyzed. Detailed sensitivity analysis on the 

optimization algorithm parameters is performed in order to evaluate their influence on the algorithm 

accuracy and calculation time, which have to be suitable for MPC online implementation. Then, the 

MPC controller is tested through a Model-in the-Loop (MiL) platform. The case study is the thermal 

energy distribution grid of a school complex comprising two buildings and a boiler. A multi-agent 

approach is adopted for controlling the system. It consists of splitting the system into smaller 

subsystems optimized by dedicated agents. This allows the modular procedure to be verified, 

replicated and further implemented in more complex systems.  

 

2. Literature review 

Model Predictive Control is one of the most recent control strategies that has been widely used in 

industry. The method was first introduced in the last decades of the 20th century [8], gaining relevant 

success mainly in the chemical and oil industries, as it introduced the possibility of controlling and 

simultaneously optimizing multi-variable processes subject to constraints, which are typical of this 

field [9]. Since then, a large number of theoretical results has been produced through control theory-
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oriented research, providing a solid foundation for the technique concerning closed-loop stability 

[10], optimization algorithms [11], robustness and impact of stochastic disturbances [12]. 

In recent years, MPC has been applied in other fields such as: the control of Organic Rankine Cycles 

for the recovery of waste heat from the exhaust gases of automotive engines through a metaheuristic 

optimization algorithm [13] and through the comparison of two different MPC techniques [14]; solar 

thermal systems with borehole seasonal storage [15]; power control for domestic appliances [16]; 

hybrid transport refrigeration systems [17]; and radiant ceiling cooling systems through an 

experimental study [18]. These works show the benefits of MPC in terms of energy efficiency 

compared to classical methods and confirm that it is possible to address high variability in 

environmental and economic conditions.  

The application of MPC in complex energy systems is more recent. In a detailed review on optimized 

control systems for energy management of building environments [19], a large number of research 

works is analyzed and compared. The control systems in buildings, which allow indoor comfort 

conditions to be achieved, are divided into two main groups: 

• Conventional controllers, such as on/off switching controllers, proportional-integral-

derivative (PID) controllers and adaptive controllers. PIDs are closed-loop feedback 

controllers which do not have any direct knowledge of the system and produce poor 

performance when used alone [20]. Adaptive controllers, instead, are able to self-regulate and 

adapt to the variations of the external conditions based on measured system signals; 

• Intelligent controllers, such as learning methods (e.g. neural networks for the prediction of 

environmental parameters), model-based predictive control methods and agent-based control 

systems. 

It is reported that, although the very first MPC implementations in building environments are recent 

(i.e. 2011 [21]), predictive controllers are becoming the more frequent strategies employed. As a 

matter of fact, conventional techniques rely on the knowledge of the past behavior of the system and 

do not consider the prediction of future conditions, while predictive controllers might be able to 
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overcome this limit. The most common computational optimization methods used in building energy 

research are also summarized. It is concluded that predictive systems should be developed and 

coupled to efficient optimization algorithms as well as other artificial intelligence techniques in order 

to overcome the potentially high computational costs. For instance, Killian and Kozek [22] answer 

ten relevant questions concerning the current status of MPC in building control. The main benefits of 

MPC (i.e. consideration of system dynamics, prediction of the disturbances, constraint handling and 

conflicting optimization goals) are highlighted together with the main challenges of its 

implementation. Other studies focus on MPC in the building automation for energy flexibility and 

efficiency and conclude that it outperforms most of the classical control techniques. In particular, 

Afram and Janabi-Sharifi [23] review the advantages and disadvantages of conventional controllers, 

hard controllers, soft controllers and hybrid controllers for the heating, ventilation and air 

conditioning (HVAC) systems dedicated to single buildings without considering potential 

applications to distributed systems. In a study by Clauβ et al. [24], many papers that propose rule-

based and optimal control strategies of building HVAC systems are analyzed according to energy 

flexibility key performance indicators. In another work [25], a model of an MPC with a linear state-

space model is proposed for a single-zone residential application with a constant room temperature 

set for the whole year.  

However, MPC controllers for building energy applications are not easy to develop [26] due to the 

need for a model that predicts the future behavior of the system and is accurate and also suitable for 

real-time optimization [27]. Ascione et al. [28] implement a highly detailed building model in 

EnergyPlus  coupled with Matlab®, but the multi-objective optimization is performed daily by 

selecting a point on the Pareto front, which defines hourly values of the set-point temperatures for the 

building thermal zones. Similarly, Gholamibozanjani et al. [29] calculate the thermal demand offline 

by using EnergyPlus and an MPC which is dedicated to set-point tracking. In another study [30], the 

building model is based on an electrical equivalent (i.e. three resistances for each wall) for the heat 

transfer and moisture content but it is too detailed for real-time control. Moreover, it requires 
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information about the system that might not be directly available. Another approach involves machine 

learning techniques [31], such as artificial neural networks, to determine the indoor temperature and 

energy consumption of the building for given weather and occupancy conditions. This is combined 

with a genetic algorithm to optimize the temperature set-points [32]. The neural network is trained 

with simulation data but requires a parameter tuning procedure which is non-standard and highly 

problem-dependent. Furthermore, the algorithm is efficient only when the conditions comprised in 

the training dataset are verified and might not be reliable when highly variable external conditions 

occur.  

Other works take into account multi-energy production systems. For instance, Bianchini et al. [33] 

demonstrate an MPC procedure suitable for a large building in a realistic simulation framework. A 

zone thermal model is exploited for the building energy demand prediction but the focus of the control 

strategy is the building HVAC system. Additionally, Sangi et al. [34] propose the real-life 

implementation of an exergy-based MPC with a linear model which is limited to a building HVAC 

system. On the other hand, an MPC based on a Mixed Integer Linear Programming (MILP) algorithm 

for a stand-alone building energy system consisting of multiple energy production and storage devices 

is presented by Fux et al. [35]. The MPC problem, however, is solved once a day and the building 

energy demand is obtained by considering typical load profiles instead of a detailed prediction model 

of the building thermal behavior, which might affect the operation significantly. Hence, despite the 

improved performance of the multi-source energy system, this energy management approach is not 

suitable for applications in distributed energy networks. A promising study proposes a distributed 

MPC algorithm applied to a combined thermal and electrical building energy system [36] which, 

however, has a high computational cost. 

Despite the increasing interest that MPC is gaining in this context, however, implementation at district 

level (i.e. for the control of the energy supplied to a whole building) has not yet been sufficiently 

explored. Electrical distributed systems such as micro-grids [37] have received more attention 

compared to thermal networks. For instance, in a paper by Sultana et al.[38] a systematic review of 
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photo-voltaic and wind energy systems controlled by the MPC approach is presented but no other 

energy system is investigated.  

Another broad overview of the literature on control strategies for unlocking flexibility and enhancing 

energy efficiency in thermal networks shows the status of current research [39]. The need for 

advanced controllers that are able to face the challenges imposed by the growing share of renewable 

energy sources and climate variable conditions is highlighted. Among the cited advanced 

technologies, there are predictive controllers and multi-agent systems which might be suitable to meet 

the requirements of robustness, efficiency and scalability for the controller of a thermal distribution 

network. Some recent examples of the MPC approach applied to district heating networks are 

mentioned below. Verrilli et al. [40] propose a model predictive controller that calculates the optimal 

operation of a district heating system with thermal energy storage based on the minimization of the 

cost of power generation. Although the novelty of this study can be found in the exploitation of the 

receding horizon approach in optimally scheduling energy production from multiple sources, the 

demand that must be met is not calculated through a physics-based model but with data-mining 

methods. On the other hand, in a work by Vanhoudt et al. [41], the building load of a small-scale 

district heating network is represented through the thermal-electrical analogy while the grid 

components are fitted to supplier data. Moreover, the optimization of the management of the system 

is performed based on operational costs, while the minimization of the primary energy consumption 

instead might increase further energy saving. Another robust control strategy based on MPC for a 

solar district heating network is analyzed by Lennermo et al. [42], but their study does not include 

the demand side. Long et al. [43] propose instead a versatile optimization-based management 

approach for multi-source energy systems that exploits the graph theory for the system representation 

and MPC for its control. Nonetheless, the dynamics of the buildings is not included in the analysis. 

Therefore, to the best of the authors’ knowledge, there are no cases in which the optimization involves 

both the end-users, considered as dynamic physics-based models, and the distribution network in an 

integrated and unified approach. 
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The overview presented above underlines the necessity to conduct more research on the topic of MPC 

for district heating and cooling networks and complex energy systems, in order to fully explore its 

benefits and solve the current issues. In particular, there are three main drawbacks [22]: the need for 

(i) experts in the field of automatic control, (ii) modeling and (iii) controller design, especially for 

large and complex systems. These limits could be addressed by adopting a multi-agent technology, 

which allows a complex problem to be split into smaller subproblems that are solved by representative 

agents [19,44]. Hence, the development of a model-based predictive controller with an efficient 

optimization algorithm, which can be easily exploited to control generic thermal networks through a 

multi-agent strategy, might be helpful in reducing energy consumption for heating and cooling. 

The above-mentioned works take advantage of various optimization algorithms: from mathematical 

programming (e.g. MILP), which can be computationally non-efficient when non-linear systems are 

involved or may require the tuning of the cost function weights [30], to heuristic techniques, which 

are highly parameter-dependent and do not guarantee the achievement of the global optimum [45]. 

Dynamic Programming (DP), on the other hand, is a sequential optimization method that has an exact 

optimization character and is used to solve energy operation optimization [46] or sizing problems 

[47]. This is exploited by Favre and Peuportier [48] to study the control of a low-energy building 

heating system but it is not suitable for multiple end-users and it is considered too computationally 

heavy for implementation in real controllers. Thus, the further investigation proposed in this work is 

beneficial for understanding the feasibility of the DP for district energy problems. 

With reference to the limitations of the current status of scientific research outlined herein, the novelty 

of the contribution of this paper consists of: 

• A novel MPC specifically developed for district heating and cooling networks. The most MPC 

in the literature are dedicated to the HVAC systems of single buildings [23,24,33,34], while 

the distribution network and its potentialities are not explored. For instance, the influence of 

the dynamics of the distribution network (e.g. time delays, network thermal capacity) on the 

operation can be analyzed only by addressing the system in its entirety. In other cases, the 
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production units are optimized without considering the end-users in the analysis [42,43]. In 

this work, the distribution and utilization units are coupled in a unified optimization 

framework and the MPC controls the distribution network by supplying the heat to the 

buildings by means of the building substation heat exchangers.  

• A deterministic building model that does not require specific knowledge about the system (e.g. 

building configuration and properties) and is, therefore, readily extendable to the multiple 

end-users of a network. The typical models in the literature either are extremely detailed (e.g. 

thermal demand calculated offline [29]) or require a large dataset to be trained (e.g. artificial 

neural networks [31,32,40]). In this work, the model (i) represents the physical evolution of 

the building, (ii) can be identified with a small amount of data and (iii) is suitable for real-

time optimal control. 

• A novel DP algorithm that is computationally faster than those existing in the literature. 

Contrary to other works, in which the algorithm operates a daily calculation for scheduling 

due to the high complexity of the model [28–30,35], this approach allows the control actions 

to be updated every time-step (e.g. fifteen minutes) and, thus, is suitable for online 

optimization. In addition, the exploitation of this class of algorithms for energy application is 

still lacking in the literature.  

• A multi-agent strategy suitable for the application of the controller in large distribution 

networks and different layouts in a modular way without (i) altering the system model or (ii) 

increasing the computational effort, which is often the cause for inapplicability in the existing 

literature studies.  

• The possibility to replicate this controller according to a fractal approach (e.g. internal 

distribution of a single building, block of buildings, districts, etc), since the model has a 

general nature and, therefore, the problem can be extended to different scales.  
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3. Methods 

In this paper, an MPC controller with a new optimization algorithm is developed and its performance 

is tested through an MiL platform and compared to that of a classical PID.  

The sequence of operations followed in the controller development phase is represented in the block 

diagram in Figure 2 and illustrated in the following. In the first block, an optimization algorithm 

based on Dynamic Programming is developed and the algorithm parameters are analyzed through 

thorough sensitivity analysis. Then, a simplified dynamic system model for MPC implementation 

(i.e. MPC-model) is built and identified. The previously developed components are assembled in the 

MPC controller which aims to control real networks.  

 

Figure 2. Block diagram of the method for the development of the innovative controller. 

 

This section reports firstly the development of all the software components of the controller (i.e. 

models and algorithms), and secondly the development of the MiL application, which is used to test 

the control strategies in a simulation environment. In this way, the comparison can be performed in 

virtually equivalent boundary conditions and the controller development phase does not affect the 

operation of the real system. 
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3.1 Model Predictive Control development 

As explained in Section 1 and represented in Figure 1, Model-based Predictive Controllers are 

composed of: (i) a simplified dynamic model of the system, called the MPC-model, (ii) an 

optimization algorithm which solves the optimization problem and returns the optimal control 

trajectory, and (iii) a controller. The implementation of these elements in the Matlab® environment is 

discussed below. 

 

3.1.1 System model  

The system under consideration is the thermal distribution network of a school complex comprising 

two buildings (i.e. a school and a sports hall) and a boiler. Further applications will be possible starting 

from this test case. The most time-consuming part of the MPC implementation is generally the 

development of a suitable building model for control and operation, as a standard procedure does not 

exist, and each case should be evaluated separately [22]. 

When dealing with modeling heating distribution in buildings, different approaches can be used 

according to the characteristic scale on which the problem is investigated: 

• on a micro-scale (e.g. when rooms or portions of buildings are of concern) a lot of information 

about the system (e.g. wall characteristics, glazed surface size and orientation) and about the 

disturbances (e.g. external temperatures, number and behavior of the occupants, other internal 

heat gain sources) can be accurately collected. Therefore, a dynamic detailed model of the 

system can be developed, which takes into consideration the building envelope characteristics 

and the forecast of internal gains and irradiance [25,30]; 

• on a macro-scale (e.g. when districts are of concern) less information is available for the 

characterization of the system. Dynamics, when considered, is limited to the main branches 

of the network [49] or to the storages [50] and users are mainly considered as stationary. 

Therefore, building heat demands are previously estimated through an historical data analysis 
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and then aggregated by means of statistical elaborations that consider contemporaneity factors 

[51]; 

• on a meso-scale, as is the case of this paper in which a network feeding blocks of buildings is 

considered, each building should be considered as a whole, therefore heat exchange and 

capacity properties are lumped together. Moreover, occupancy and the state of the glazed 

surfaces are difficult to estimate with an adequate accuracy for a whole building. Nevertheless, 

the building demand profile can be evaluated through a model that considers the influence of 

the main disturbance (e.g. external temperature).  

The micro-scale problem is not addressed with a statistical approach, as historical data are rarely 

available in such detail or the instrumentation of small portions of buildings (zones) could be 

infeasible. On the other hand, in the macro-scale problem the detailed dynamics of the end-users can 

hardly be included due to the computational complexity of the system, that would become 

impracticable. The meso-scale problem, instead, makes it possible to benefit from the advantages of 

both the historical data, if available, and the knowledge of the physical system. 

This is further confirmed by a comprehensive review of the recent efforts on building modeling 

methods for optimal control applications, which summarizes the three main model types that are 

typically implemented [52]:  

• white-box models are based on detailed dynamic equations but their construction and solution 

process can be extremely time-consuming; 

• black-box models are statistical models that require large datasets and long training periods. 

Their performance is acceptable when limited to the operating conditions they are trained for; 

• gray-box models adopt a simplified description of the system but maintain a physical meaning 

of the parameters [53]. 

The third type seems to be advantageous for the application proposed in this work. As a matter of 

fact, the physics-based approach can efficiently simulate real system dynamics since it is based on 

conservation equations. Furthermore, a reduced-order gray-box model guarantees lower 
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computational effort, compared to more complex models. This is necessary for MPC online 

optimization, since the model has to be called a large number of times.  

The simplified building model that is embedded in the MPC controller is derived from the building 

dynamic energy balance equation that describes the evolution of the internal temperature 𝑇 [53] and 

is reported in Eq. (1): 

𝑑𝑇

𝑑𝑡
= −𝑎 ∙ (𝑇 − 𝑇ext) + 𝑏 ∙ 𝑄̇ (1) 

where 𝑇ext is the external ambient temperature and 𝑄̇ is the thermal power supplied to the building 

substation heat exchanger and, then, distributed to the space heaters. The heat exchange through the 

walls to the external environment and the thermal power from the heating system influence the 

internal building temperature evolution through the coefficients 𝑎 and 𝑏, respectively. These 

coefficients take into account the building heat capacity as reported by Gambarotta et al. [53]. As the 

MPC-model parameters 𝑎 and 𝑏 are unknown, an identification procedure has to be carried out from 

real building data. Forced ventilation is absent and air infiltrations are neglected. Moreover, internal 

and solar gains are not included in the MPC-model of Eq. (1) due to the need to adopt the previously 

highlighted simplifications. More details on this choice can be found in Section 3.1.2. 

A schematic representation of the distribution pipeline for each end-user with the relevant pipe 

sections highlighted is given in Figure 3. The purpose of the simplified representation of this part of 

the system is to give an immediate view of the nomenclature (equations and variables) used in the 

following. The thermal power given to the building is expressed as the variation in water enthalpy 

through the building substation heat exchanger as in Eq. (2): 

𝑄̇ = 𝑚̇ ∙ 𝑐 ∙ (𝑇S − 𝑇R,SP)  (2) 

where 𝑚̇ is the water mass flow rate, 𝑐 is the water specific heat capacity, 𝑇S and 𝑇R,SP are the supply 

(i.e. to the heat exchanger) and return (i.e. from the heat exchanger) water temperature, respectively. 

The return water temperature 𝑇R,SP is a boundary condition for this simplified model, according to 

the assumption that it is regulated by the substation heat exchanger controller. Hence, it is set at a 
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given set-point value. The thermal power is transferred from the boiler to the building substation heat 

exchanger through the distribution pipes, which are located underground. A mixing valve recirculates 

a part of the return water to regulate the mixing temperature. 

 

Figure 3. Schematic representation of the distribution pipeline for each building. Pipe sections are defined as follows: 

boiler: boiler; mix: mixing; S: supply; R: return. 

 

Hence, the actual supply temperature 𝑇S can be calculated by starting from the mixing temperature 

𝑇mix,SP and considering the heat losses of the supply pipe 𝑄̇loss,S, as in Eqs. (3) and (4). The heat 

losses of the return pipe 𝑄̇loss,R are given by Eq. (5): 

𝑇S = 𝑇mix,SP −
𝑄̇loss,S

𝑚̇ ∙ 𝑐
  (3) 

𝑄̇loss,S = 𝑈𝐴 ∙ (𝑇mix,SP − 𝑇soil) (4) 

𝑄̇loss,R = 𝑈𝐴 ∙ (𝑇R,SP − 𝑇soil) (5) 

where 𝑈𝐴 is the overall heat transfer coefficient, including the heat transfer surface, from the water 

in the pipes to the soil. The heat losses are calculated with respect to the highest temperatures, i.e. 

𝑇mix,SP for the supply pipe and 𝑇R,SP for the return pipe, in order to have a conservative estimation.  

The internal building temperature 𝑇 is the system state and controlled variable of each building. The 

water mass flow rate 𝑚̇ and the set-point for the mixing temperature 𝑇mix,SP are the manipulated 

variables of each building (i.e. inputs). 
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The boiler power is given by Eq. (6), which considers the sum of the heat transferred to the building 

substation heat exchangers of the network from Eq. (2) and the heat losses of the supply and return 

pipe from Eqs. (4) and (5): 

𝑃boiler = ∑[𝑚̇ ∙ 𝑐 ∙ (𝑇S − 𝑇R,SP) +  𝑄̇loss,S + 𝑄̇loss,R]
1

𝜂boiler
 (6) 

where 𝜂boiler is the boiler efficiency, which is subject to a linear correction with the actual load with 

respect to the nominal efficiency.  

The pump power is proportional with a constant coefficient 𝑘 to the cube power of the water mass 

flow rate as in Eq. (7), which is derived from the expression of the distributed pressure losses through 

the pipes (i.e. Darcy-Weisbach equation). 

𝑃pump = ∑ [
8𝑓𝐿

𝜋2𝜌2𝐷5
∙

1

𝜂pump
∙ 𝑚̇3] = ∑ 𝑘 ∙ 𝑚̇3 (7) 

where 𝑓 is the friction factor, 𝐿 is the pipe length, 𝜌 is the water density, 𝐷 is the pipe diameter and 

𝜂pump is the pump efficiency.  

 

3.1.2 Forecasting of external data 

Predictive controllers take advantage of their capability to optimally operate the system relying on 

the forecast of the disturbances throughout the prediction horizon. When dealing with real 

applications, the external ambient temperature, which is the main disturbance, can be collected by 

querying real-time weather forecast databases. In this work, this database is created through a 

piecewise function that reasonably builds the temperature profile using the maximum and minimum 

temperatures of the current day, the minimum temperature of the following day and the sunrise and 

sunset hours [54].  

Solar radiation and internal gains due to the building occupancy are other disturbances of these 

systems. However, when dealing with a whole building it is not possible to have an accurate 

estimation of the contribution of building occupation and radiation, since the former depends on the 
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actual number of occupants and the latter depends on the shading of each single glazed surface. In 

the MPC-model described in Section 3.1.1, these contributions can be added, if available, but are not 

strictly required. In this application, they are also neglected to show the feasibility and robustness of 

the controller even when less knowledge about the system is obtainable, since the simplicity of the 

model is an advantage when extending this study to large networks. This assumption is commonly 

made in many other studies in the literature, where DHC networks are involved [51].  

 

3.1.3 Optimization algorithm 

Within the MPC framework, an optimization problem has to be solved at each time-step (i.e. 

minimization/maximization of the cost function). Therefore, an optimization algorithm that combines 

low computational time with feasible accuracy had to be chosen. The Dynamic Programming 

algorithm is selected since it has an exact and inherently dynamic optimization character, as reported 

in Section 2.  

The Dynamic Programming algorithm is based on Bellmann’s principle of optimality which states 

that the tail of an optimal trajectory of an optimization problem is still optimal for the tail subproblem. 

According to this concept, the time scale and the whole state-space of an optimization problem are 

discretized and the global problem is divided into smaller subproblems that are solved recursively by 

proceeding backward in the time scale. During this time-backward calculation, for each step of the 

algorithm (i.e. subproblem) the state function and the related value of the cost function are evaluated 

for each feasible combination of the state and input grids. At each time-step, the inputs that minimize 

the cumulative cost, from the current step to the end of the prediction horizon, for each feasible state 

are stored in the memory. The procedure covers the entire prediction horizon and allows the dynamics 

of the system to be included in the optimization. Hence, this iterative calculation returns an optimal 

control map which is then exploited to identify the optimal control sequence through a forward 

calculation that starts from the initial condition.  
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In Sundström and Guzzella’s research [55], a Matlab® function, which solves generic DP problems 

with up to five state variables, has been proposed and is widely used in several applications (e.g. 

[56]). In this work, a novel and simpler function based on the same concept is developed in Matlab® 

and is designed to more efficiently handle the presented application and other problems with the same 

structure, i.e. one state (e.g. internal building temperature), two inputs (e.g. water mass flow rate and 

boiler temperature) and the disturbances (e.g. external temperature). This approach significantly 

simplifies multi-agent implementation, as the application of the controller to the different buildings 

can be operated in a modular way easily by changing each building model data and parameters. The 

novel function takes approximately one quarter of the time requested in [55] to solve the same 

optimization problem and allows a variable-step state/input discretization (e.g. local grid refinement).  

As the DP algorithm requires the discretization of the state and input grids, the MPC-model of the 

energy system in this application is obtained by discretizing Eq. (1). The discretized state equation at 

the k-th time-step (i.e. ∆𝑡) is represented in Eq. (8): 

𝑇k+1 − 𝑇k

∆𝑡
= −𝑎 ∙ (𝑇k − 𝑇ext) + 𝑏 ∙ 𝑄̇ (8) 

By renaming the state 𝑇 with 𝑥, the input 𝑚̇ with 𝑢1, the input 𝑇mix,SP with 𝑢2 and the disturbances 

𝑇ext and 𝑇soil with 𝑑1 and 𝑑2, respectively, and by considering Eqs. (2–5), Eq. (9) is obtained: 

𝑥k+1 = (1 − ∆𝑡 ∙ 𝑎)𝑥k + ∆𝑡 ∙ 𝑎 ∙ 𝑑1,k + ∆𝑡 ∙ 𝑏 ∙ (𝑐𝑢1,k𝑢2,k − 𝑈𝐴(𝑢2,k − 𝑑2,k) − 𝑐𝑢1,k𝑇R,SP) (9) 

The input grid is created according to the lower and upper constraints of the input variables. The state 

grid is discretized according to the state boundary values. The steps of the input and state grids are 

algorithm parameters that can be set according to the sensitivity analysis described in Section 4.  

The cost function for each time-step in Eq. (10) is assumed as the total energy consumption, consisting 

of the sum of the boiler energy and the pump energy (see Eqs. (6–7) respectively): 

𝑐𝑜𝑠𝑡 = (𝑃boiler + 𝑃pump) ∙ ∆𝑡 + 𝜑 (10) 

When the building is occupied, the internal temperature is constrained according to the lower and 

upper limits established by the contracts for service-sector buildings. Otherwise, the building 
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temperature is not constrained. The penalty factor φ is therefore added to the cost function associated 

with the unacceptable state values in order to force compliance with the constraints. The DP algorithm 

linearly increases the penalty factor as the distance from the state constraints increases, until the 

maximum penalty value is reached.  

 

3.1.4 Time delays 

It is necessary to consider pipe dynamics in the simulation and optimization of DHC networks [57]. 

As a matter of fact, the thermal energy that is generated at the production sites is distributed to the 

utilization sites that can be significantly far away, especially in large networks, and the time delay 

between production and effective supply to buildings might affect the operation and control of the 

system. Moreover, the thermal capacity of distribution pipes could be exploited as thermal storage by 

adopting different management strategies. Various studies in the literature present thermo-hydraulic 

pipe models (e.g. the plug-flow method) that are typically used in detailed dynamic simulations [58].  

However, MPC implementation requires a simplified model that can be used to predict the future 

behavior of the system at each time-step. Furthermore, the pipe dynamics would require the 

introduction of an additional system state variable, however, this is not in line with the structure of 

the DP algorithm.  

In this work, the MPC-model considers the time delays by introducing a factor ∆𝑡d, for each 

calculation. This is defined as the ratio between the pipe length and the current speed (calculated from 

the current mass flow rate), and represents the delay with which the water mass flow reaches the 

building. The DP algorithm gives the optimal mixing temperature. In the current time-step, however, 

the temperature of the water that actually reaches the building remains at the same temperature as the 

previous time-step for a time interval equal to ∆𝑡d. Hence, the optimal mixing temperature is 

increased in order to send the same amount of energy required for the current time-step, as in  

Eq. (11): 
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𝑇new =
𝑇DP ∙ ∆𝑡 − 𝑇previous ∙ ∆𝑡d

∆𝑡 − ∆𝑡d
 (11) 

where 𝑇new, 𝑇DP and 𝑇previous are the new input, the optimal DP input and the previous time-step 

input, respectively.  

This solution guarantees that the model structure is maintained and that the energy requirements of 

the users are respected. Equation (11) is valid when ∆𝑡d  < ∆𝑡, which represents the condition of the 

case study of this work. In other cases, different strategies can be adopted to consider time delays.  

 

3.2 Model-in-the-loop platform 

This section reports the description of the architecture of the MiL application platform, which is used 

to test different control strategies in a simulation environment. The MiL is a testing technique for 

control units in the development phase, in which they are emulated by specific models: hence, a model 

of the control device controls a model of the system in a virtual environment. The MiL approach 

allows methodologies to be tested and sensitivity analysis to be performed without involving the real 

system which could be unavailable due to the non-heating season or the need to respect building 

comfort conditions.  

In order to simulate real building behavior, a detailed continuous-time dynamic model of the system, 

named the MiL-model, is used.  

As introduced in Section 3.1.4, the distribution system dynamics cannot be neglected. Therefore, the 

MiL-model of each utilization site comprises the building model and the distribution network thermal 

model. The distribution network includes, for each end-user, the supply pipe, substation heat 

exchanger, return pipe and three-port recirculation valve, as in Figure 3.  

The pipe model is built with a lumped parameter approach, according to which it is assumed that the 

water mass inside the pipe is at the same temperature (𝑇pipe,S for the supply, 𝑇pipe,R for the return). It 

is possible to write the thermal energy balance of the supply pipe as in Eq. (12a), where the inflowing 
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fluid is at the mixing temperature while the outflowing fluid (i.e. water sent to the building substation 

heat exchanger) is at the supply pipe temperature 𝑇pipe,S. 

The building MiL-model is based on Eq. (1). In this case, the contributions of solar irradiance 𝑄̇irr 

and thermal power from building occupation 𝑄̇occ are assumed to be known, as this model aims to 

simulate the actual behavior of the real system. Hence, they are imposed as disturbances to obtain 

Eq. (12b). Similarly to the supply side, the thermal energy balance of the return pipe is expressed in 

Eq. (12c), where the inflowing fluid is at the actual return temperature from the building substation 

heat exchanger 𝑇R while the outflowing fluid (i.e. water sent to the return collector and then to the 

boiler) is at the return pipe temperature 𝑇pipe,R. A system of three ordinary differential equations is 

obtained:  

𝑑𝑇pipe,S

𝑑𝑡
=

1

𝑀𝑐
∙ [𝑚̇ ∙ 𝑐 ∙ (𝑇mix − 𝑇pipe,S) − 𝑈𝐴 ∙ (𝑇pipe,S − 𝑇soil)] 

(12a) 

𝑑𝑇

𝑑𝑡
= −𝑎̃ ∙ (𝑇 − 𝑇̂ext) + 𝑏̃ ∙ [𝑚̇ ∙ 𝑐 ∙ (𝑇pipe,S − 𝑇R) + 𝑄̇irr + 𝑄̇occ] (12b) 

𝑑𝑇pipe,R

𝑑𝑡
=

1

𝑀𝑐
∙ [𝑚̇ ∙ 𝑐 ∙ (𝑇R − 𝑇pipe,R) − 𝑈𝐴 ∙ (𝑇pipe,R − 𝑇soil)] (12c) 

where 𝑀 is the mass of the water contained in the pipe and 𝑎̃ and 𝑏̃ are the performance coefficients 

of the real building. The external temperature profile 𝑇̂ext described previously is randomly altered in 

order to account for weather variability.  

Unlike the MPC-model described in Section 3.1.1, the actual temperature of the return water from 

the substation heat exchanger 𝑇R is calculated by means of the thermal energy balance of the 

substation heat exchanger as in Eq. (13), in which the heat is entirely transferred from the water in 

the primary side (i.e. distribution network) to the water in the secondary side (i.e. distribution to the 

building space heaters):  

𝑚̇ ∙ 𝑐 ∙ (𝑇pipe,S − 𝑇R) = 𝑚̇sec ∙ 𝑐 ∙ ∆𝑇sec (13) 

where 𝑚̇sec and ∆𝑇sec are the water mass flow rate and temperature difference, respectively, on the 

secondary side of the substation heat exchanger. It is assumed that, given the design temperature 
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difference on the secondary side, a proportional feedback controller varies the water mass flow rate 

on the secondary side in order to maintain the set-point return temperature on the primary side 𝑇R,SP. 

The proportional law is given in Eq. (14): 

𝑚̇sec = 𝐾p,sec(𝑇R − 𝑇R,SP) (13) 

where 𝐾p,sec is the proportionality constant. Hence, considering Eqs. (13) and (14), it is possible to 

obtain 𝑇R through Eq. (15): 

𝑇R =
𝑚̇𝑇pipe,S + 𝐾p,sec𝑇R,SP∆𝑇sec

𝑚̇ + 𝐾p,sec∆𝑇sec
 

(15) 

Proceeding on the return side of the distribution network, a feed-forward controller regulates the mass 

flow rate that is recirculated from the return to the supply pipe by means of the three-port valve 

(Figure 3) in order to maintain the mixing temperature indicated by the MPC. The recirculated mass 

flow rate 𝑚̇rec is expressed by Eq. (16): 

𝑚̇rec =
𝑇boiler,SP − 𝑇mix

𝑇boiler,SP − 𝑇R,SP
∙ 𝑚̇ 

(16) 

where 𝑇boiler,SP is the set-point for the water that exits the boiler, chosen as the maximum of the 

optimal mixing temperature calculated by the MPC controllers of the end-users connected to the 

network. Indeed, the boiler controller keeps this maximum desired water temperature, while the water 

temperature effectively sent to each end-user is kept by regulating the recirculated mass flow rate, as 

explained previously.  

The returning mass flows from each end-user are mixed in the return collector and conveyed back to 

the boiler. Therefore, the boiler mass flow rate 𝑚̇boiler and return temperature 𝑇boiler,R are evaluated 

through the mass and energy balance equations of the return collector according to Eqs. (17): 

𝑚̇boiler = ∑(𝑚̇i − 𝑚̇rec,i)

i

 
(17a) 

𝑇boiler,R = ∑
(𝑚̇i − 𝑚̇rec,i)𝑇pipe,R,i

𝑚̇boiler
i

 
(17b) 



23 
 

The thermal model of the distribution network also includes the boiler, which is a standard boiler 

powered by natural gas. It is controlled by regulating the fuel mass flow rate 𝑚̇f in order to guarantee 

the set-point 𝑇boiler,SP according to the feedback proportionality law in Eq. (18): 

𝑚̇f = 𝐾p,f(𝑇boiler,SP − 𝑇boiler) (18) 

where 𝐾p,f is the proportionality constant and 𝑇boiler is the actual temperature of the fluid exiting the 

boiler. The latter can be calculated by combining Eq. (18) with Eqs. (19), which represent the thermal 

power 𝑄̇boiler of the boiler and its efficiency 𝜂boiler: 

𝑄̇boiler = 𝑚̇f ∙ 𝐿𝐻𝑉 ∙ 𝜂boiler = 𝑚̇boiler ∙ 𝑐 ∙ (𝑇boiler − 𝑇boiler,R) (19a) 

𝜂boiler =
𝑄̇boiler − 𝑄̇min

𝑄̇nom − 𝑄̇min

(𝜂nom − 𝜂min) + 𝜂min (19b) 

where LHV is the fuel lower heating value, 𝑄̇nom, 𝑄̇min, 𝜂nom and 𝜂min are the nominal and minimum 

power and the nominal and minimum efficiency, respectively, according to the linear correction with 

the actual boiler load. In light of these equations, the actual boiler temperature is obtained by Eq. 

(20): 

𝑇boiler =
𝑚̇boiler ∙ 𝑐 ∙ 𝑇boiler,R + 𝐾p,f ∙ 𝐿𝐻𝑉 ∙ 𝜂boiler ∙ 𝑇boiler,SP

𝑚̇boiler ∙ 𝑐 + 𝐾p,f ∙ 𝐿𝐻𝑉 ∙ 𝜂boiler
 

(20) 

Since the calculations of the actual boiler temperature and thermal power are coupled, Eqs. (19) and 

(20) are solved through an iteration loop embedded in the global MiL-model. 

The system of differential equations (12), which describe the dynamic behavior of the main 

components of each branch of a DHC system (i.e. building and pipes), are solved through a Matlab® 

Ordinary Differential Equation solver. The MiL-model runs continuously for the desired time span 

and is controlled by a model of the controller. Two different controllers are implemented and 

compared: (i) a state-of-the-art PID controller [53], the set-point of which comes into effect at an 

arbitrary point in time prior to occupation of the building (three hours) and (ii) the MPC controller 

described above. In the latter case, the optimal inputs calculated by the MPC controller of each 

end-user are given to the MiL-model as the mass flow rate 𝑚̇ and the mixing temperature 𝑇mix. 
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4 Sensitivity analysis 

The DP algorithm that solves the constrained optimization problems at each time-step of the MPC 

implementation has been described in Section 3.1.3. However, the DP algorithm requires the 

discretization of the state and input grids and the choice of the parameters might affect the algorithm 

performance. Therefore, detailed sensitivity analysis of the characteristic parameters of the algorithm 

is presented in this section. 

The lower and upper constraints of the input grid are established in the data definition phase and they 

typically represent the physical boundaries of the input signals (i.e. minimum and maximum mass 

flow rate and minimum and maximum mixing temperature). Similarly, the state grid boundary values 

define a plausible range of variation in the internal building temperature, which is set between 0 °C 

and 30 °C in this application. The time-step is 15 min, which is reasonable for thermal energy 

applications. The time horizon is three days.  

The sensitivity analysis is conducted by varying the state grid steps (i.e. ∆𝑥) and the input grid steps 

(i.e. ∆𝑢1 and ∆𝑢2) independently and by comparing the performance of the algorithm according to 

some key performance indicators, which are selected as follows: 

• Computational time for a single DP algorithm calculation; 

• Predicted global energy consumption over the time horizon of a single DP algorithm 

calculation; 

• The number of time-steps in which the compliance with the temperature constraints is not 

realized (i.e. failures); 

• The number of time-steps in which the required temperature is reached in advance, since 

reaching the required comfort conditions some hours before the building is occupied would 

represent a loss of energy.  

It is necessary to choose the algorithm parameters that gives the best trade-off between a low 

computational time and feasible accuracy (e.g. low predicted energy consumption, low energy loss). 
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Figure 4 represents the normalized energy consumption (with respect to the minimum) obtained for 

a single run of the DP algorithm with a prediction horizon of three days, for different values of ∆𝑢1 

and ∆𝑢2. Each plane refers to a different value of ∆𝑥. The figure shows that the influence of the input 

discretization on the global energy consumption is lower than the influence of the state discretization. 

In fact, the algorithm results in terms of energy consumption do not vary significantly for a given 

state grid step. Hence, it is possible to choose feasible values of the input grid steps and focus on the 

sensitivity analysis of the state grid step. 

 

Figure 4. Predicted normalized energy consumption for different values of input grid steps. Each plane refers to a different 

value of the state grid step, from ∆x = 0.05 °C to ∆x = 1 °C. 

 

Figure 5 represents the calculation time of one algorithm run for different input grid step settings. 

Since the computational time of an intermediate value of the input grid step can be considered 

acceptable for the online implementation of the MPC and, at the same time, the algorithm results are 

not significantly affected, it is reasonable to assume ∆𝑢1 = 0.5 kg/s and ∆𝑢2 = 0.5 °C to proceed with 

the analysis. 
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Figure 5. Computational time with varying state grid steps ∆x for selected input grid step values ∆u1 and ∆u2. 

 

Figure 6 shows the variation of the last three key performance indicators (i.e. predicted global energy 

consumption, number of failures and number of time-steps in advance) with the state grid step ∆𝑥. 

The predicted energy consumption, normalized with respect to the minimum value obtained (Figure 

6a), increases significantly with ∆𝑥. A finer state mesh allows the algorithm to evaluate the cost of 

each feasible state and select the optimal trajectory more precisely. As a matter of fact, linear 

interpolation is applied for the states between the grid points and this may lead to approximation 

uncertainties, since the state dependence on inputs and disturbances is not linear.  

Furthermore, a lower value of ∆𝑥 guarantees that internal building temperature requirements are 

satisfied (i.e. no failures) and the energy losses are minimized (i.e. temperature is not reached several 

hours before the building is occupied).  
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(a) (b) 

 

(c) 

Figure 6. Results of the sensitivity analysis on the state grid step ∆x: normalized predicted energy consumption (a), 

maximum advance of required temperature achievement in time-steps (b), number of time-steps in which the required 

temperature achievement fails (c). All results are obtained with ∆u1 = 0.5 kg/s and  

∆u2 = 0.5 °C. 

 

A state grid step equal to 0.4 °C leads to a large number of failures in the fulfillment of the required 

temperature for numerical reasons (Figure 6c). Indeed, that value results (i) in the comfort conditions 

being reached exactly at the requested time (i.e. maximum advance equal to zero) but also (ii) in the 

indoor temperature being maintained at a value which is slightly lower than the lower boundary 

during the maintenance phase. The algorithm returns optimal input values that are not able to keep 
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the state above the lower limit. This happens because the intrinsic discretization nature of the 

algorithm leads to the need to interpolate the values between the grid points, therefore producing 

numerical errors. In this case, the linear interpolation gives rise to the large number of failures 

corresponding to the state grid step of 0.4 °C. Higher values of ∆𝑥, on the other hand, allow the 

fulfillment of the required building conditions several time-steps (i.e. hours) before it is occupied 

with consequent energy waste (Figure 6b). Thus, it is possible to conclude that ∆𝑥 values lower than 

0.4 °C are acceptable for the accuracy of the algorithm and can therefore be considered for the MPC 

implementation.  

This can be further confirmed by taking one building from the case study described in Section 5 as 

an example. Figure 7 represents the optimal behavior of the sports hall temperature as calculated by 

the algorithm with different values of ∆𝑥. By choosing a step equal to 0.05 °C or 0.1 °C, it is possible 

to keep the building temperature at around 20 °C only when required. 

 

Figure 7. Optimal state (i.e. building temperature) trajectories over the prediction horizon calculated by one DP algorithm 

run with different state grid steps (sports hall). 
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5. Results and discussion 

In this section, the MPC controller developed in Sections 3 and 4 is tested and compared to a state-

of-the-art PID controller. In the conventional control approach, the water temperature is set at the 

maximum value and the PID regulates the water mass flow rate in order to reach the predefined set-

point (i.e. building temperature). 

After the description of the case study, the MPC-model is identified by means of simulation data and 

the results of the system MiL control are presented.  

 

5.1 Case study description 

The case study that was chosen to test this approach is a school complex in Northern Italy, depicted 

in Figure 8. A boiler supplies the thermal energy required by the sports hall and the school. A pipeline 

and a pump are dedicated to each building. The distribution pipes branch from the supply collector 

and, after supplying hot water to the buildings, go back to the return collector. The notation of the 

relevant sections of the pipes is referred to the MiL-model description in Section 3.2. 

 

Figure 8. Schematic representation of the case study of the MPC control: a school complex located in Northern Italy. The 

underlined sections of the pipes are related to the model described in Section 3.2. mix: mixing; pipe: pipe; R: return. 
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As the MPC controller has been developed for a single-state system (e.g. a single building), a multi-

agent approach is applied. Each branch of the system, characterized by a single building and dedicated 

distribution pipe, is controlled by its own MPC controller, which returns the optimal values of the 

water mass flow rate and supply temperature for the current time-step. The water mass flow rate is 

then regulated through the pump. As far as the supply temperature is concerned, the highest supply 

temperature returned by the MPC controllers is used to set the boiler. The actual water temperature 

of each building is then regulated by the mixing valve which recirculates part of the return cold water.  

Due to the internal temperature requirements, the lower and upper state constraints are assumed as 

19.5 °C and 20.5 °C, respectively, when the building is occupied. The return water temperature has 

to be regulated by the substation heat exchanger controllers and its set-point 𝑇R,SP is set to 60 °C. To 

this extent, the design temperature difference of the fluid in the secondary side of the heat exchanger 

∆𝑇sec is set to 10 °C. The relevant parameters of the case study described above are summarized in 

Table 1. 

The multi-agent architecture allows this control approach to be extended to more complex networks 

by installing the MPC controller in the other branches of the system in a modular fashion.  

 

5.2 Identification of the Model Predictive Control-model 

The MPC-model described in Section 3.1.1 has to be identified through the identification procedure. 

Identification is a methodology that builds the mathematical models of a system starting from input 

and output datasets.  

In this application, these data are generated by running the MiL-model controlled by the PID for a 

simulation time of several days. The simulations make it possible to obtain sequences of (i) building 

internal temperature data, (ii) inputs defined by the PID and (iii) the imposed external temperature. 

These data are obtained with a sampling period of 15 minutes. Random components are added to both 

the internal and external temperatures to simulate measurement uncertainty. These data are divided 

into a training set for identification of the MPC-model parameters and a test set for validation. 
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Table 1. System parameters of the case study. 

Parameter Sports hall School 

Water mass flow rate (0 to 8) kg/s (0 to 12) kg/s 

Supply temperature (70 to 80) °C (70 to 80) °C 

Pipe length 100 m 50 m 

Pipe diameter 100 mm 125 mm 

Insulation thickness 100 mm 50 mm 

Insulation conductivity 0.05 W/(m K) 0.05 W/(m K) 

Friction factor 0.017 0.017 

Pump efficiency 0.8 0.8 

Number of occupants 50 400 

Individual thermal power 120 W 80 W 

Window surface 110 m2 100 m2 

Coefficient 𝑎̃ 7.28 · 10-6 s-1 3.50 · 10-6 s-1 

Coefficient 𝑏̃ 7.53 · 10-7 °C/kJ 9.08 · 10-7 °C/kJ 

MPC prediction horizon 3 days 3 days 

MPC time-step width 15 min 15 min 

Parameter Boiler 

Nominal power 1700 kW 

Minimum power 170 kW 

Nominal efficiency 0.91 

Minimum efficiency 0.85 

LHV (natural gas) 47100 kJ/kg 
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The training set and the specified model structure are inputs of the identification problem. This 

consists of estimating the parameters of the model by solving a non-linear least-squares problem, 

which operates the minimization of the squared error between the model prediction and the dataset.  

By comparing the newly-identified gray-box model with the test set values, the reliability of the 

procedure can be evaluated. Once the MPC-model has been identified, it is possible to couple it with 

the DP optimization algorithm to constitute the predictive controller (Figure 2). 

The set of real building input and output data is obtained by the simulation of fourteen days during 

the winter season. The test set is chosen as the last two days.  

Figure 9 shows the temperature predicted by the model identified with two different training sets 

compared to the real temperature (i.e. original dataset) of the sports hall, which is taken as an example. 

The results highlight that the identification performed on a relatively short training set (e.g. 0.25 days) 

provides a model which does not adequately fit the measurements. This happens because the heating 

up and cooling down building dynamics are not sufficiently represented by the training set and cannot 

be highlighted.  

 

Figure 9. Comparison between identification results with two different training sets and real temperature data (sports 

hall). 
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Figure 10 shows the Root Mean Squared Error (RMSE) between predicted data and the measurements 

with varying training set lengths. Acceptable results are obtained with at least one-day-long datasets, 

provided that they cover typical weekday operation (i.e. with building heating and cooling transients). 

Similar conclusions can be drawn as far as the school is concerned. 

The MPC-model building coefficients 𝑎 and 𝑏 chosen for controlling the sports hall and the school 

are obtained with training sets of five and six days, respectively, as they gave the lowest RMSE. The 

values of the coefficients are reported in Table 2. 

 

Figure 10. Root Mean Squared Error for different training set lengths (sports hall). 

 

Table 2. MPC-model building performance coefficients obtained through the identification procedure. 

Building  a [s-1] b [°C kJ-1] 

Sports hall 6.9626 · 10-6 7.7983 · 10-7 

School 2.9535 · 10-6 1.0719 · 10-6 
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5.3 System control results and comparison 

The system described in Section 5.1 is simulated for one week of the winter season through the MiL 

platform. The state-of-the-art PID controller and the MPC controller developed above are tested in 

the same conditions and the results are compared.  

The model for the MPC controller implementation was identified in Section 5.2 while the 

optimization algorithm parameters were chosen through the sensitivity analysis in Section 4. The best 

trade-off between algorithm result accuracy and computational time is obtained by selecting  

∆𝑢1 = 0.5 kg/s, ∆𝑢2 = 0.5 °C and ∆𝑥 = 0.1 °C. The prediction horizon of three days allows the dynamic 

behavior of the entire distribution network to be considered in the optimization, even when the 

weekend, or other days in which the buildings are not occupied, are involved. With these parameters, 

the DP algorithm calculation time is around 2 s with a standard laptop and, therefore, is suitable for 

the MPC controller online implementation for an energy network. 

The comparison between the control performance of the PID and the MPC is shown in Figure 11 for 

the sports hall and Figure 12 for the school. It is possible to notice that the PID is not always able to 

guarantee the required internal temperature defined by the constraints (e.g. sports hall). Furthermore, 

in other conditions (e.g. school), the temperature is reached several hours before the building is 

actually occupied, causing non-necessary energy loss. Hence, this approach guarantees neither 

fulfillment of the desired comfort conditions nor energy minimization. This happens because a 

classical controller is based on a predefined rule and is not able to cope with the variation of the 

external conditions.  

On the other hand, MPC assures compliance with the constraints while optimizing energy 

consumption. Moreover, MPC proves to be particularly effective with considerable variations in 

weather conditions that seem likely to happen due to climate change. 
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Figure 11. Model-in-the-Loop system operation of the sports hall with PID control (a) and MPC (b). 

 

Figure 12. Model-in-the-Loop system operation of the school with PID control (a) and MPC (b). 
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The two buildings behave differently due to the different values of the performance coefficients. The 

coefficient ã affects the heat exchange through the walls while b̃ influences the contribution of the 

thermal power transferred to the building. The higher the coefficient ã, the greater the thermal loss to 

the outside. At the same time, the lower the coefficient b̃, the slower the heating process.  

This is the case of the sports hall which, compared to the school, has a higher ã and a lower b̃ and, 

therefore, reaches a lower temperature when it is not occupied (i.e. cooling down process). Hence, 

the heating up of the sports hall has to start earlier than that of the school, especially after the weekend.  

The temperatures of the main water flows of the network are represented in Figure 13. In particular, 

the boiler temperature and return temperature track the set-points established by the MPC and set as 

a design parameter, respectively. Therefore, the assumption of the return temperature considered 

equal to the set-point parameter in the MPC-model is justified and produces reliable results. 

Moreover, the behavior of the pipe temperatures demonstrates the potential influence of the heat 

capacity of the water in the pipes. In the graph of each building (the sports hall in Figure 13a and the 

school in Figure 13b), the temperature values are not plotted when the related mass flow rate is equal 

to zero, since they lose significance. Nonetheless, it is possible to notice that the temperature of the 

water mass inside the pipes decreases due to the heat losses and the actual supply temperature to the 

substation heat exchanger is subjected to a heating transient. A more detailed pipe model might give 

a better insight into this phenomenon.  

The supply temperatures as well as the related mass flow rates also vary according to the optimal 

inputs calculated by the controller. This is further noticed in Figure 14, which shows the water mass 

flow rate for both buildings during two representative days of the simulation. It is possible to state 

that, at the beginning of each day, the school requires only an initial maximum heating up, due to its 

higher heat capacity and maximum water mass flow rate. The sports hall, on the other hand, needs 

more water mass flow rate fluctuations in order to maintain the internal temperature. A predictive 

control method allows these results to be easily achieved. 
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Figure 13. Temperatures of the water exiting the boiler and the supply and return water: (a) sports hall and (b) school. 

 

Figure 14. Mass flow rate of the water sent to the sports hall and the school during two representative days of the 

simulation. 
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As far as the primary energy consumption is concerned, the cumulated fuel mass used to power the 

boiler over the simulation horizon with the conventional controller and with the MPC controller is 

shown in Figure 15. In the latter case, a part of the fuel is saved until the weekend, during which the 

energy consumption of the conventional case is lower due to the fact that the building temperature 

required for the comfort of the occupants is not reached in time, as clarified by Figure 12. In the end, 

the fuel consumption is almost equal in the two cases, but the PID controller does not fulfill the 

constraints established by the contracts. This shows the superiority of the MPC controller and pledges 

a significant reduction in fuel consumption, when thermal comfort is kept. 

 

Figure 15. Cumulated fuel mass over the simulation period. 

 

This primary energy saving is demonstrated in Table 3, which summarizes the results of the 

simulations for a week in January, a week in March and a week in November with different degrees 

of time advance for the activation of the PID set-points (the base case discussed above considers the 

activation three hours prior to the occupation of the buildings). For each case, the table reports (i) the 

percentage energy saving obtained with the MPC controller compared to the base case and (ii) the 
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failures (in hours) in meeting the internal temperature constraints that are avoided by using the MPC 

controller instead of the PID approach in the same conditions. It should be underlined that in some 

conditions the energy saving percentage is relatively low (e.g. week of January with three-hour time 

advance). However, as is clear from Table 3, this comes together with a significant time in which the 

constraint failures are avoided. For this reason, when the avoided failure time is higher than zero, the 

estimation of the energy saving percentage is conservative.  

Hence, the MPC shows its ability to reduce the energy consumption while keeping the temperature 

constraints at different periods of the year with variable boundary conditions. This reduction is mainly 

due to two factors. Firstly, the MPC is able to convey to the end-users the necessary thermal energy 

exactly when it is needed, according to the boundary conditions. This is particularly convenient in 

DHCs, in which the characteristics of the connected buildings – and, therefore, the heating transients 

– are substantially diverse and a pre-defined rule is not able to consider this fact.  

 

Table 3. Results of the primary energy saving obtained with the MPC controller compared to the PID controller (with 

different time schedules) in different simulations. 

Simulation PID time advance [h] Energy saving [%] Avoided failures [h] 

January 

3 0.32 5.25 

4 0.71 3.29 

5 2.56 2.44 

March 

3 2.21 4.17 

4 3.13 2.88 

5 4.81 1.88 

November 

3 4.55 1.22 

4 6.99 0 

5 7.28 0 
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Secondly, the MPC tends to maintain the building temperature close to the lower constraints avoiding 

unnecessary energy losses. If the lower value of the tolerance band (e.g. 19.5 °C) established as a 

hard constraint by the contract were applied as a set-point of the PID controller, those requirements 

would hardly be met due to the PID errors. 

To conclude, the innovative MPC controller proposed in this work was tested with satisfactory results 

on two buildings of different types and at different distances from the heat production site. This opens 

up the possibility to further demonstrate the approach and extend these results to different buildings 

and larger systems. 

 

6. Conclusions 

The current global energy scenario enables a significant reduction in energy consumption if efficiency 

in buildings and district heating and cooling networks is addressed.  

In this work, a novel Model Predictive Controller based on a Dynamic Programming algorithm was 

developed and tested on a small-scale heat distribution network of a school complex in northern Italy 

through a Model-in-the-Loop platform. Firstly, detailed sensitivity analysis led to the selection of the 

most suitable parameters of the optimization algorithm. Secondly, the gray-box model embedded in 

the Model Predictive Controller was identified by means of an input-output dataset obtained by 

emulating the real system during the winter season. Another sensitivity analysis on the training set 

length made it possible to state that five-day-long datasets give acceptable fitting results. 

Subsequently, the operation of the district heating system was simulated in an Model-in-the-Loop to 

test the new controller and compare its results to those obtained with a classical PID controller. The 

system was controlled through a multi-agent approach by applying the Model Predictive Controller 

to each branch connected to a building in the network.  

As expected, Model Predictive Control outperforms the PID with respect to both building comfort 

requirements and primary energy saving, regardless of the building type and the distribution pipe 
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length. Conservative results show a reduction in fuel consumption up to more than 7 %, depending 

on the season, obtained without altering the network configuration. For instance, in a week of January 

the energy saving is lower but this comes together with more than five hours of avoided failures of 

the comfort requirements compared to the conventional strategy. Hence, Model Predictive Control 

emerges as one of the most promising control strategies to be tackled in the attempt to reduce energy 

consumption and carbon emissions.  

It should be remembered that the controller developed in this work represents an upper boundary for 

the control of these systems, since it assumes the ideal forecast of the external conditions. However, 

it can be extremely useful as a benchmark for comparison with other strategies. Moreover, robust 

control, which considers the uncertainties in the disturbance variables, is a potential future 

development. Further studies and applications of the proposed approach will focus on larger thermal 

networks. Lastly, future developments will concentrate on demonstrating how this innovative control 

approach can be implemented in real distribution networks.  
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Nomenclature 

a  first building performance coefficient [s-1] 

b  second building performance coefficient [°C kJ-1] 

c  water specific heat capacity [kJ kg-1 K-1] 

cost  cost function [kJ] 

d  system disturbance 

D  pipe diameter [m] 

f  pipe friction factor [-] 

Kp  coefficient of proportionality of the controller 

k  coefficient of proportionality of the pump power [m2 kg-2] 

L  pipe length [m] 

LHV  fuel lower heating value [kJ kg-1] 

M  water mass inside the pipe [kg] 

𝑚̇  water mass flow rate [kg s-1] 

P  power [kW] 

𝑄̇  thermal power [kW] 

T  temperature [°C] 

t  time [s] 

u  system input 

UA  overall heat transfer coefficient [kW K-1] 
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Δt  time-step [s] 

Δtd  time delay factor [s] 

x  system state 

η  efficiency [-] 

ρ  water density [kg m-3] 

φ  penalty cost factor for constraint violation [kJ] 

Subscripts 

boiler  boiler 

DP  Dynamic Programming optimal input 

ext  external 

f  fuel 

irr  irradiance 

k  number of time-step 

loss  loss 

min  minimum 

mix  mixing 

new  new input 

nom  nominal 

occ  building occupation 

pipe  pipe 
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previous input at previous time-step 

pump  pump 

R  return 

rec  recirculated 

S  supply 

sec  secondary side of the building substation heat exchanger 

soil  soil 

SP  set-point 

Acronyms 

DHC  District Heating and Cooling 

DP  Dynamic Programming 

EU  European Union 

HVAC  Heating Ventilation and Air Conditioning 

MiL  Model-in-the-Loop 

MILP  Mixed Integer Linear Programming 

MPC  Model Predictive Control 

PID  Proportional-Integral-Derivative controller 

RMSE  Root Mean Squared Error 
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