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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract 

In the last decades, the growing concerns about global warming and climate changes effects led to specific Directive, especially 
in Europe, promoting the use of primary energy saving techniques. In particular, a more widespread adoption of cogeneration 
systems has been obtained. However, distributed energy systems do not ensure the achievement of primary energy and cost 
savings without a proper sizing and operation of the plant. Therefore, vector optimization algorithms could play a key role to 
identify optimal solutions even when conflicting goals are pursued. The potential of the proposed methodology is demonstrated 
showing the results achieved from a specific application. 
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1. Introduction 

The balance between energy supply and energy demand is a critical issue to address, especially in developed 
countries, as extensively discussed in [1]. Human activities have required 13699 Mtoe (≈159327 TWh) of primary 
energy worldwide in 2014 [2], which corresponds to an annual hourly average power supply of approximately 18 
TW. Therefore, the development of innovative technologies in future [3]-[4] and traditional engines [5]-[6], the use 
of alternative and clean fuels [7]-[10], a more efficient use of energy [11]-[12] and an increasing use of renewable 
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energy sources [13] are still mandatory to face the challenges imposed by the world energy balance and recognized 
by Paris Agreement on climate change. In this scenario, a key role for primary energy saving and greenhouse gas 
emission reduction could be played by cogeneration systems [14]-[17]. The strategic role of CHP plants to achieve 
the Paris Agreement goals is leading the transition from centralized energy generation to a mature distributed, small 
and medium scale energy generation. However, due to the decrease in thermal efficiency and the increase in specific 
investment costs with the reduction of the plant size, the study of an effective utilization of the recovered heat is a 
fundamental issue to identify solutions that maximize the relevant energetic and economic objectives (e.g., primary 
energy saving, simple payback period, CO2 emission, etc.) through a suitable use of the recovered thermal power 
and generated electricity [1]. Moreover, the proposed methodology enables the design of a CHP plant when 
energetic, economic, regulatory or market scenarios change. In fact, many studies ignore uncertainties that could 
alter the outcome of the optimizations, as stated in [18]. For example, most of the researches considered fixed 
energy prices, electricity tariffs, grid carbon intensity, etc., while these and other quantities can vary through the 
plant life. Moreover, most of the proposed models do not provide real-life solutions because CHP units size obtained 
from the numerical solution of the optimization problem could not be available in the market, as stated in [19] and 
[20]. Therefore, objective of this research paper is to highlight, with reference to the load profiles of an Italian 
hospital facility, the key role that advanced mathematical methods have for the optimal design of CHP systems and 
the effects of uncertainties on the stability of the results of an optimal sized modular cogeneration plant.  

 
Nomenclature 

std dev  Standard deviation of the considered quantity 
 
Abbreviations 
CHP  Combined heat and power 
DII  Department of industrial engineering of the University of Naples Federico II 
ICE  Internal combustion engine 
h       Generic hour of the year [h] 
MOGA  Multi-objective genetic algorithm 
SPB  Simple payback period 
TPES  Total (or technical) primary energy savings 

2. Methodology 

Starting from the load profiles of the reference hospital facility (Fig. 1), whose details are reported in [21], one of 
the goals of the proposed study was the calculation of the potential energetic and economic benefits achievable over 
the useful life of the CHP plant, which is estimated to be 10 years long. For this reason, with the goal of optimizing 
specific target quantities, a constrained optimization problem was solved to find optimal modular plant 
configurations (i.e., CHP engine size and number) adopting a multi-objective approach. Vector optimization [22]-
[27] can be useful for deducing general results by conducting a predictive investigation on a large number of 
possible plant configurations, especially with regard to possible tradeoffs between energetic and economic 
objectives. In fact, most optimization problems are characterized by several objectives, which are usually conflicting 
real functions to be maximized or minimized. Generally, these problems, also called multi-objective optimization 
problems, can be formalized as follows [28]: 
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where R� is called the objectives space, while R� represents the decision variable space. Therefore, vector x ∊ R� 

is a vector decision variable, while � � F�x� ∊ R�  is a vector of objectives. Obviously, it is assumed that the 
functions F��x�� F��x��� � F��x� are, at least partly, conflicting.  
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Table 1 shows decision variables and objective functions of the optimization problem. The number of CHP units 
has been considered variable in the range 1-9. The optimal solutions in the multi-objective optimization can be 
defined from the mathematical concept of partial ordering, and the search for the minimum in the above problem is 
solved on the basis of the Pareto non-dominance criterion. 

 

 

Fig. 1: Thermal and electric load profiles for CROB hospital. 

Typically, there is no single global solution but rather a set of optimal solutions complying with the definition of 
Pareto optimality. 
 

DECISION VARIABLES OBJECTIVE FUNCTIONS CONSTRAINTS 
VARIABLE RANGE OBJECTIVE TARGET VARIABLE RANGE 

CHP size 150 – 1000 kW TPES maximize - - 
CHP number 1 – 9 SPB minimize   

Table 1 - Decision variables and objective functions for the considered optimization problem. 

The methodology adopted involved coupling a coded calculation algorithm with a commercial optimization 
solver. The optimization problem has been solved using the evolutionary algorithm MOGA II, belonging to the class 
of genetic methods. Statistical multi-objective optimization algorithms such as the considered algorithm can be 
effectively used when a large and discrete decision variable space is considered to find solutions that are probably 
close to the global optimum. In fact, while classical gradient-based methods are faster, stochastic methods are very 
robust but slower to reach convergence. MOGA II is an improved version of MOGA by Poloni [29]. Further details 
are presented in [30], while the logic scheme of the proposed methodology is summarized in Fig. 2. 

However, as in many engineering design problems, some input quantities may only be known to some tolerance 
or may change during the plant’s life. For this reason, optimizing a CHP plant for a specific energetic, economic or 
market scenario does not guarantee good performance when these scenarios change. Moreover, a calculated 
technical solution (i.e., CHP gas engine size and related nominal energetic performances) may not be matched by a 
corresponding product in the market. Therefore, the multi-objective approach has also been used to estimate the 
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sensitivity of the results to a probable mismatch between numerical and marketed solutions, then also considering 
eventual changes in the reference energetic and economic scenarios. 

To this aim, a robust design approach was adopted and the problem (2) was solved to evaluate the robustness of 
the calculated results. Some key decision variables or economic and energetic parameters of the developed 
calculation algorithm were redefined using a probability distribution before the related multi-objective optimization 
problems were solved. Therefore, with reference to the decision variable Xn in Fig. 2, a probabilistic characterization 
was assigned to that quantities. 

 

Fig. 2 – Workflow of the multi-objective optimization process. 

When a robust design optimization is performed, the search of the most stable region is pursued by defining two 
different objectives for each function to optimize: both the mean value and the variance of each function are 
involved in the optimization process. Obviously, using probabilistic models for the input variables, the objective 
functions obtained as outputs of the optimization problem will also become stochastic. A stable solution is less 
dependent as possible on the unknown input parameters or, equivalently, it is less sensitive to fluctuations of that 
parameters. Therefore, dominant solutions such as those calculated by solving the optimization problem expressed 
by equation (1) may not include the most stable solution. It is thus possible that the most stable solutions are not 
characterized by the best performance. The mathematical formulation of the robust design optimization problem, 
considering a discrete formulation for the mean value and variance, as usually occurs in the engineering field, can be 
generally formalized as follows [31]: 
 
������� ��                                                                                                                                               
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���              
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In problem (2), σ is the fluctuation of the variable �, ����� is the probability density function and ����� is the 

cumulative distribution function. Further details addressing the reference calculation algorithm and the probability 
density functions adopted in this study are discussed in [21]. 
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3. Case study: CROB Hospital 

The reference user analyzed is the Oncological Reference Center of Basilicata (CROB), whose load profiles are 
shown in Fig. 1. Fig. 3a shows the optimal CHP plant configurations obtained. The overall energy savings reaches 
18.2% , achieving an SPB of just over three years using three CHP engines of approximately 440 kW. 

(a)  (b) 

Fig. 3 – (a) Bubble chart representing engine size and number and (b) the Pareto optimal solutions. 

Searching for stable economic and energetic solutions, the goal of the analysis was to minimize the mean values 
of the SPB and maximize the mean values of the TPES while obtaining low standard deviation values (referred to as 
std-dev in the subsequent graphs) for these quantities. Actually, searching for the most robust energetic and 
economic results, the authors were searching for solutions that minimize the ratio ��/��	(std-dev/mean-value) for 
both the TPES and SPB. This ratio ��� /���, accounts for the relative weight of the standard deviation of the 
considered objective functions over their mean value. Referencing the objective functions TPES and SPB, a multi-
objective optimization problem was solved to estimate the sensitivity of the expected results, taking into account 
possible difficulties in finding commercially available CHP gas engines with sizes reasonably close to the optimal 
numerical solutions. For this purpose, the CHP engine size was turned into a statistical decision variable of the 
optimization problem and described through a uniform distribution. In particular, CHP engine sizes were defined 
through a set of 25 sample designs distributed over a range of 60 kW and centered around the mean value currently 
analyzed by the genetic algorithm MOGA II. Fig. 3b shows, in the ��/�� (SPB) – ��/�� (TPES) plane, the Pareto 
optimal solutions obtained from the multi-objective robust design optimization. Most of the optimal solutions are 
characterized by high energetic stability (the ratio of ��/�� for the TPES is mostly under 2%). The most stable plant 
design for the CROB is shown in red, and its main characteristics are summarized in Table 2. 
 

CROB - The most stable plant design 

CHP 
number 

Electrical 
power 
(mean 
value) 

TPES 
min 

TPES 
mean 

TPES 
max 

SPB 
min 

SPB 
mean 

SPB 
max 

[-] [kW] [%] [%] [%] [years] [years] [years] 

1 969.7 15.14 15.22 15.27 2.45 2.49 2.54 

Table 2 – Main characteristics of the most stable solution for the CROB. 
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Fig. 4-(a) shows how the expected results obtained through a deterministic definition of the input decision 
variables within the multi-objective optimization can overestimate the objective functions compared to the robust 
design approach.  

(a)    (b) 

Fig. 4 – (a) Comparison between deterministic and stochastic approaches to multi-objective optimization. – (b) Pareto optimal solutions from the 
multi-objective robust design analysis. 

Specifically, the red circles represent the maximum TPES solutions obtained for the studied hospital facility. The 
blue crosses represent the 25 sample designs belonging to the same robust design solution and therefore to the same 
statistical distribution for the engine size. In particular, the mean value of this distribution is equal to the engine size 
of the red solution. Fig. 4-(a) shows similar energetic and economic variations for the objective functions. The 
significantly higher value of the SPB for the solution on the right hand of Fig. 4-(a) is due to having one CHP engine 
more than the other solutions, according to the current values of the CHP engine size and the value of decision 
variable that determines the number of CHP adopted. To estimate the fluctuations induced in the expected results 
due to possible changes in the reference energetic and economic scenarios, a second multi-objective robust design 
optimization was performed with reference to TPES and SPB as objective functions. In this optimization problem, 
the selling price of the electricity in different time bands, the reference efficiency of the Italian thermoelectric 
generation and the selling price of the energy efficiency certificates recognized by the Italian legislation to 
cogeneration plants were set as stochastic variables and were described by normal probability distributions (Table 
3). The gas engine size and number were the two decision variables of the problem.  

 
 Input decision 
variable Range Unit Distribution Std. deviation 

Selling price in time band F1 0.10–0.14 €/kWh Normal 0.003 

Selling price in time band F2 0.076–0.116 €/kWh Normal 0.003 

Selling price in time band F3 0.045–0.085 €/kWh Normal 0.003 
Thermo-electric generation, 
reference efficiency 43.5–48.5 % Normal 1 

Selling price of the energy 
efficiency certificates 90–110 €/certificate Normal 3 

Table 3 – Stochastic decision variables used in robust design optimization. 

The energetic and economic stability of the dominant solutions for the CROB is shown in Fig. 4-(b) in the /  
(SPB) – /  (TPES) plane. The standard deviation for the SPB is always under 2.5% of its mean value. This 
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percentage increases to 6% for the TPES. The most stable plant design is shown inside a red circle, and its 
characteristics are reported in Table 4. 
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1 682 11.93 12.37 13.22 2.26 2.31 2.33 

Table 4 – Main characteristics of the most stable energetic and economic solution for the CROB. 

4. Conclusions 

The increasingly stringent requirements for carbon dioxide reduction led to a more widespread adoption of 
distributed energy systems. One of the most effective technique to face the energy saving challenges is the use of 
cogeneration systems. However, the adoption of distributed energy systems do not ensure the achievement of this 
mandatory aim without a proper sizing and operation of the plant. Therefore, advanced mathematical methods such 
as vector optimization algorithms could play a key role to identify optimal solutions even when conflicting goals are 
pursued. This paper addresses a specific application for the study of CHP systems, highlighting the potential of the 
proposed methods and the main results achieved. The proposed research activity is based on a specific calculation 
algorithm developed by the authors coupled to the evolutionary genetic algorithm MOGA II. Optimization analyses 
have been conducted on the basis of the load profiles of a reference hospital facility considering reciprocating 
internal combustion engines fueled by natural gas as cogeneration systems. Moreover, this study proposes an 
effective approach to identify the most stable plant configurations through a multi-objective robust design 
optimization. A first optimization problem was solved to estimate the sensitivity of the expected results to possible 
difficulties in finding commercially available CHP gas engines with sizes reasonably close to the optimal numerical 
solutions. Then, a second multi-objective robust design optimization has been performed to estimate the fluctuations 
of the expected results due to possible changes in the reference energetic and economic scenarios. Definitely, the 
proposed methodology provides a useful and flexible tool that can be focused on several innovative aspects within 
field of the energy systems. In particular, this study proposes an uncommon and effective approach to identify the 
most stable plant configurations through a multi-objective robust design optimization. Future improvements of the 
proposed methodology will address part load efficiency integration needed to obtain optimal operation strategies for 
the energy system. Moreover, the possibility to integrate energy storage technologies or ORC systems into the main 
CHP plant will be analyzed. 
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