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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 

This paper presents an approach to tackle output uncertainty in District Energy Systems’ performance for variable time horizons 
and progressive changes in urbanization processes and energy policy, which we define as agile optimization of District Energy 
Systems (DES). Multi-objective optimization of DES provides non-dominated tradeoff solutions among conflicting objectives in 
the form of a Pareto-front. A single solution needs to be chosen from the Pareto-front to proceed further in the urban design process. 
To facilitate this, an uncertainty analysis is performed on the parameters corresponding to equipment lifetime and operational costs 
of DES. The method is tested on an existing neighborhood with 24 buildings in the city of Zug. The energy systems configuration 
of the neighborhood was optimized and uncertainty analysis was performed on the Pareto-front to identify the most reliable system 
configuration. The final solution chosen, has the highest frequency (30.8%) of being the most stable solution. It also has the highest 
probability (96%) of being below the Cutoff point of Total Annualized Costs. 
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1. Introduction 

District Energy Systems (DES) consists of thermal and electrical supply systems designed to attend the energy 
requirements of a neighborhood or a district. For a given system configuration (number of buildings and street layout), 
the design of DES comes with a wide range of options to choose from such as technology, equipment size, and dispatch 
strategy. Each of these options is to be evaluated in order to provide the solution which has minimal costs and minimal 
CO2 emissions.  
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Planning of a DES is riddled with uncertainties due to demographic growth, demand uncertainties, uncertainties due 
to climatic change along with technological uncertainties. As DES is planned for a long time-horizon, the energy 
system to be in place needs to be robust to handle such uncertainties. One approach is to design for the worst-case 
scenario, which inherently faces two issues. Firstly, to predict the worst-case scenario over such a long time horizon 
(e.g., 60 years) is deemed to have its drawbacks in terms of ‘confidence’. Secondly, even if the worst-case scenario is 
predicted, it might not occur often. This makes the solution too conservative and thus cost for the efficiency of the 
system [1].  

A new generation of agile optimization algorithms could facilitate the design of more adaptive and/or robust DES. 
These systems should be able to cope with morphological changes in districts as they are transformed and constructed 
in time. This involves that energy systems are constantly re-optimized in relation to plausible changes in urban form, 
building technology, and decentralized/centralized energy production. The approach has the potential to reduce 
financial risk and general uncertainty in the decision-making process of urban development and underlying energy 
structure. 

2. Methodology 

The City Energy Analyst (CEA) [2] is used to model, simulate and optimize the DES. CEA is an integrated 
framework to evaluate the performance of a neighborhood from the perspective of energy efficiency and supply 
systems in the context of urban transformation. CEA provides a holistic view of demand and supply of DES using 
modeling techniques and spatiotemporal visualization model. For more details on CEA, readers are referred to the 
paper on CEA [3]. In this work, CEA framework is expanded to consider sensitivity analysis. 

In CEA, the design of a DES is divided into three levels (Figure 1), namely, Urban Designer Level, Energy Systems 
Level Optimization (ESLO) and the Network Level Optimization (NLO). In the Urban Designer Level, the parameters 
such as number of buildings, street layout are decided by the urban designer based on the plot area, purpose of the 
neighborhood, and the budget constraints imposed on the project. These details are then input to the ESLO which in 
turn returns the performance of the design in terms of the objectives such as costs, emissions and the amount of risk 
involved with the design. This level uses heuristics and the design acumen of the urban designer in making design 
decisions. 

During the ESLO step, the energy system configuration is chosen. This provides information of which buildings are 
connected to the centralized district heating/cooling network, and which buildings are decentralized. As a first step, 
the building demand in terms of heating, cooling, electrical loads is calculated using the demand module developed in 
[3]. Based on the buildings’ demand, the configuration of buildings selected in the urban designer level, the energy 
systems configuration is optimized with the approach of  [3]. This configuration details the technologies used to meet 
the individual building demand. The energy systems configuration is then sent to NLO which in turn returns the 
thermal loss and hydraulic losses incurred in the network. Details from NLO along with the energy systems 
configuration of ESLO are used to calculate costs, emissions, and primary energy. 

In NLO, based on inputs from ESLO, (i.e., buildings connected to the various production plants like District 
Heating/Cooling) the piping network is detailed following the street layout or service tunnels (pipes are laid under the 
streets). Along with this, the size of production plants is decided based on the demand of the buildings connected in 
the piping network. If the demand of any building is not satisfied by the centralized network, then individual heat 
pumps are installed to meet the demand. To quickly identify the network based on the connected buildings, minimum 
spanning tree algorithm is used.  

Multi-objective optimization (MOO) is used to solve the various levels in the design of DES. MOO is done using non-
dominated sorting genetic algorithm (NSGA-II), which uses the evolutionary operations like mutation, crossover, and 
selection [4]. Table 1 summarizes the various decision variables used by the optimizer. In MOO, the solutions are 
provided as a Pareto-front which represents non-dominated trade-off solutions of multiple objectives used in the 
optimization. Thus for a design configuration developed by the urban designer, there will be multiple solutions 
corresponding to the trade-off of costs, emissions, and primary energy. As all these solutions are non-dominated, there 
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is no clear better solution among the Pareto-front. A solution is considered to be non-dominated if none of the 
objectives can be improved without degrading the other. 

Table 1 Decision variables used in Optimization 

Type of 
Variable 

Number of 
Variables 

Range Description 

Discrete 
(Energy 
Systems) 

11 ‘0’ when 
system is 
OFF and ‘1’ 
when ON 

Variables corresponding to individual systems like combined heat 
and power plant, boiler (base and peak), geothermal heat pump, 
photovoltaic, photovoltaic thermal, solar collector, heat recovery 
systems, furnace, usage of lake as heat sink.  

Continuous 10 0 to 1 Energy share corresponding to each system. A value of 0.23 
corresponds to 23% of energy being satisfied by that energy system. 

Discrete 
(Network) 

Number of 
buildings 

0 or 1 ‘1’ when building is connected to centralized plant and ‘0’ when it is 
decentralized. 

 

 

Fig. 1 Agile Optimization Framework; The highlighted portion is discussed in this paper 

The urban development of a neighborhood is done in phases, where a master plan is prepared and updated periodically. 
As a plot in the neighborhood is developed and starts its function, it is to be provided with all the necessary 
infrastructure including energy systems. If this plot is viewed alone and the optimal energy system configuration is 
chosen for it, this might not always be optimal when the entire neighborhood is finished. Thus an option of suboptimal 
energy systems configuration, can be considered if it provides long-term benefits. To deal with this, using the Markov 
Decision Process (MDP) seems to be a promising solution where the multiple paths are evaluated and the solution is 
chosen based on the reward [5]. Reward for urban designs is based on parameters such as space syntax, sky view 
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factor, liveability, wellbeing etc. MDP works in tandem with NSGA-II to deal with uncertainties involved in the 
development of neighborhood over various phases. 

Table 2. Distribution functions for uncertain technical and economic parameters [7]  

Parameter Distribution 
Average over 

1000 
scenarios 

α β C 

Water Source Heat Pump Life Time (a) Beta 20 5.8 4 34 
Ground Source Heat Pump Life Time 
(a) Beta 20 5.8 4 34 

Condensing Boiler Life Time (a) Beta 20 5.8 4 34 
Combined Gas Cycle Turbine Life 
Time (a) Beta 25 5.8 4 43 

Fuel Cell Life Time (a) Beta 10 5.8 4 17 
Photovoltaic Panels Life Time (a) Beta 20 5.8 4 34 
Solar Collector Life Time (a) Beta 20 5.8 4 34 
Photovoltaic Thermal Life Time (a) Beta 20 5.8 4 34 
Chillers and Cooling Towers Life Time 
(a) Beta 6.67 5.8 4 12 

Thermal Storage Life Time (a) Beta 60 5.8 4 102 
Heat Exchangers Life Time (a) Beta 20 5.8 4 34 
Circulation Pump Life Time  (a) Beta 10 5.8 4 17 
Electricity Price (EU/kWh) Normal 0.2 0.2 (µ) 0.02 (σ)  
Natural Gas Price (EU/kWh) Normal 0.068 0.068 (µ) 0.0068 (σ)  
Bio Gas Price (EU/kWh) Normal 0.076 0.076 (µ) 0.0076 (σ)  
Interest Rate (%) Normal 5 5 (µ) 1 (σ)  

 

The multi-phase, multi-level optimization of a DES generates multiple solutions in a Pareto-front. In order to select a 
single solution we performed a sensitivity analysis according to [6], [7]. A solution is more sensitive when its 
performance criteria vary significantly with the lifetime of the equipment and pricing. The steps involved in the 
sensitivity analysis are as follows: 

1. Identify sensitive parameters and their probability functions from literature (Table 2) 
2. Sample scenarios from these distributions using a Latin-Hypercube Sampler.  
3. Recalculate the mean of each sensitive parameter from the scenarios.  
4. Use the mean values to set up the MOO problem and obtain the Pareto-front for various generations. 
5. Calculate Δi (as per eq. 1) for the ith scenario and for all the solutions of the final Pareto-front. Costsmean represents 

the actual value obtained from the Pareto-front after optimization. 
 

∆𝑖𝑖 =  𝑎𝑎𝑎𝑎𝑎𝑎 (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖−𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

) ∗ 100         (1) 
 

6. Rank all the solutions from the Pareto-front based on Δi. The smaller the Δi, the higher the rank. 
7. Now repeat the step 5 and 6 for all scenarios. 
8. Calculate the frequency (𝜔𝜔) to which each solution is ranked as having the lowest Δi and choose the solution that 

has the maximum frequency. 
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To supplement the above procedure, we also look at the probability of a solution being below the Cutoff point for 
investment (eq. 2.). A Cutoff point is a point at which the investor decides whether an option is worth investing in. 
This is normally determined by the internal rate of return of the option. In this work, for a solution of the Pareto-front, 
𝑋𝑋𝑖𝑖, the Cutoff point is defined as 10% more than the TAC of the solution. The probability of a given solution 𝑋𝑋𝑖𝑖 being 
below the Cutoff point is calculated (𝑃𝑃 [ 𝑋𝑋𝑖𝑖 < 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖]). The higher this probability is, the less risky the solution is. 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 = (1 + 0.10)  ×  𝑇𝑇𝑇𝑇𝐶𝐶𝑖𝑖                                                                                                       (2) 
 

3. Results and Discussion 

The method is tested on an existing neighborhood, an industrial site with 24 buildings in Zug, Switzerland as provided 
in [3]. The MOO of this neighborhood is run with annualized investment cost (TAC) and greenhouse gas emissions 
(CO2) as objectives. MOO is run for a population size of 20 and a number of generations of 50.  

We apply the method of Section 2 using 1000 sample scenarios and represent them together with the Pareto-front in 
Figure 2. It was found that 500 sample scenarios yield similar results as 1000 scenarios. It can be observed that 
solutions with lower CO2 emissions have a wider spread of the probability distribution of TAC, and as a result, they 
are more sensitive. As uncertainty is looked only from the cost perspective, the best solution is chosen from the Pareto-
front based on how stable the solution is on economic indicators, i.e., higher 𝜔𝜔.  

Table 3, provides values of frequency (𝜔𝜔) and 𝑃𝑃 [ 𝑋𝑋𝑖𝑖 < 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖] for all the solutions of the Pareto-front. Solution 6 
marked in green in Fig. 2 has the highest frequency (30.8%) of being the most stable solution. It also has the highest 
probability (96%) of being below the Cutoff point. The histogram provided in Figure 2 depicts the spread of TAC of 
solution 6.  

Table 3 Results of uncertainty analysis 

Solution number 1 2 3 4 5 6 7 8 9 10 

𝜔𝜔  6.4 0.5 7.5 1.5 0.7 30.8 4.3 1.7 3.5 1.1 

 𝑃𝑃 [ 𝑋𝑋𝑖𝑖 < 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖] [%] 94 94 94 95 95.3 96.3 92.4 91.5 93.6 92.6 

Solution number 11 12 13 14 15 16 17 18 19 20 

𝜔𝜔  2.2 1.5 1.9 6.9 3.3 7.9 1.8 1.1 7.9 7.5 

 𝑃𝑃 [ 𝑋𝑋𝑖𝑖 < 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖] [%] 92 90.5 91.2 90.1 86.4 85.2 82.3 81.9 80.5 81.1 

 

4. Conclusions 
 

This paper presents a decision-making approach to choose a solution from the Pareto-front in the context of DES. This 
approach is based on two metrics, frequency and probability below the Cutoff point of TAC. The higher the frequency 
of a solution is, the higher its stability in the Pareto-front is. Likewise, the higher the probability is, the less risky the 
solution is. To further extend this work, the Cutoff point calculations need to be directly related to the internal rate of 
return of investment instead of assuming a 10% excess of TAC. 

In terms of overall methodology, the proposed approach of agile optimization can be extended to multiple urban design 
configurations along with various risk metrics. A feedback loop can be incorporated into the algorithm to indicate 
which urban designs are safe for investment and which parts tend to involve higher uncertainty, thus making them 
riskier.  
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