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ABSTRACT 

The comparison of the existed building thermal load 

profiles (heating and cooling) allows to identify 

buildings with the probable renovation potential. 

However, they depends on a variety of the factors: 

weather conditions, building properties, type of 

heating and cooling systems, user behavior etc. 

Therefore, there is no clear boundary that clarifies the 

extent since when similar buidlings become rather 

unsimilar. Hence, it is crucial to have a reliable 

procedure which adequetly separate buildings’ load 

profiles to the to main groups of typical and 

abnormal load profiles. The last group can imply 

renovation possibility and should be investigated 

further. Present research proposes an approach which 

fulfils the requirements mentioned above and is 

based on artificial neural clustering procedure. 

However, to obtain reasonable results neural network 

was trained on Monte-Carlo thermal building 

simulations which consider two-dimensional 

parameter variation that includes the variation of user 

behaviour from one hand and weather data from 

another.  

INTRODUCTION 

Methods for the determination of the energy 

efficiency of a single building (hence, its renovation 

potential) are well-known (ISO 9869-1 2014; 

Bauwens, Roels 2014). Generally, these methods 

involve the measurements of the inside and outside 

air temperatures and heat flux or heating power; wind 

velocity and the sun radiation are optional. These 

methods are quite accurate; however, they do not 

account the presence and activity of the occupants, 

who’s actions can influence temporarily the 

building’s energy consumption greater than any 

stohastic source and can involve extra energy waste 

(FERC 2009). The way to identify and estimate such 

influence is to compare measured energy 

consumption profile with the pattern profile. 

However, pattern profile should be versatile and 

should deal with the variations of user behaviour, 

weather conditions, systems etc. Such pattern can be 

obtained using simulation procedures. However, 

since the number of possible scenarios is great, it is 

reasonable to obtain such pattern out of set of 

existing profiles using clustering of measured data. 

A number of research papers (Pipattanasomporn 

2014, Runming 2005)  are focusing on evaluation of 

such pattern profiles for different types of buildings 

for the implementation in the demand response 

strategies [6]. However, since the occupant’s 

behaviour is in general unpredictable and  weather 

conditions varies in a wide range during the day, 

some reasonable range of the variation of such 

pattern profiles should be assessed. On the other 

hand, Gerbec et al. (2002) provides an approach for 

the determination of customers daily load schedules 

using a hierarchical clustering procedure of existing 

profiles. However, from the result of this clustering 

procedure the clear group of profiles which has an 

improvement potential can not be identified. 

Combination of mentioned approches is point of 

interest and will be explained further.  

AIM OF PRESENT RESEARCH 

Present research proposes an approach on how to 

define from a certain group of thermal load profiles 

two main sub-categories: typical and abnormal. 

Method is is based on artificial neural clustering 

procedure which is trained on Monte-Carlo thermal 

building simulations. 

APPROACH’S PROCEDURE 

Proposed method involves 2 steps. 

1. Monte-Carlo Thermal Simualtions. It is common 

that as an input data for the thermal building 

simulations standard schedules of the occupants’ 

presence, equipment usage, lightning and ventilation 

are used. However, because of the unpredictable 

occupants’ behavior, Monte-Carlo approach is 

applied which involves large number of simulations 

with preliminary randomized schedules.  

2. Clustering procedure. It is applied at two stages of 

the present investigation. At the beginning it is used 

to evaluate the correct number of the selected country 

locations for the weather conditions. It means that the 

difference between 2 random weather profiles (or 

group of weather profiles) should be the 

approximately the same as for the others.  
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As a result, it was found that the consideration of 15 

locations (15 weather profiles) is enough to generally 

represent Switzerland. Artificial neural network is 

also applied at final stage of investigation.  

It is used to gather similar patterns of the thermal 

load profiles obtained using the Monte-Carlo 

simulations. 

Simulation model setup 

For the first step, a middle floor of a real Swiss 

multistore office building is modeled and simulated 

for a 1 year period. Thermal properties of the 

building’s constructions correspond to the properties 

of the average existing building in Switzerland 

(Schneider et al. 2016), ventilation is mechanical and 

operates only during the working time of occupants. 

Building has an air cooling and water-based heating 

system. Heating set-point equals to 21°C, cooling set-

point – 26 °C. In the building different types of 

rooms are considered: office room, store room, 

corridor, WC. Each type of the room was evaluated 

with a set of 4 schedules: occupancy, equipment 

usage, lightning and ventilation (fig. 1). Furthermore, 

equipment usage and lightning are directly dependent 

on occupancy, although, lightning schedule is also 

dependent on solar irradiation which varies during 

the year (fig. 2). Ventilation runs only when the 

occupants are present. 
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Figure 1:  Schematic of a model 
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Figure 2:  Internal load dependency 
 

Furthermore, equipment usage and lightning are 

directly dependent on occupancy, although, lightning 

schedule is also dependent on solar irradiation which 

varies during the year. 

The chain of the occupant’s impact is briefly 
described in figure 3.  
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Figure 3: Model hierarchical structure 
 

Using Swiss Standards for Engineers and Architects 

mentioned schedules with their bandwidth were 

defined. Standard values of heat loads are presented 

in table 1. 
 

Table 1:  

Standard values of heat loads for 4 types of rooms 

 
Office 

room 
WC Corridor 

Storage 

room 

Occupancy, 

W/m
2
 

5.1

15


 0 0 0 

Equipment 

usage, 

W/m
2
 

10

47


 0 0 0 

Lightning, 

W/m
2
 

0

3.49.15 


 0

5.52.17 


 0

4.20.7 


 0

2.23.6 


 

Ventilation, 

m
3
/(h· m

2
) 

7.0

5.06.2 


 6.18  4.02  1.05.0   

 

Occupancy, equipment usage and lightning present 

themselves an internal heat gain relative to the floor 

area (W/m
2
) in the room and, hence, can be 

combined in 1 common input for each room. 

However, lightning load depends on the presence of 

global solar irradiation. On figure 4 schedule of total 

internal heat gain is presented without consideration 

of sunlight presence. 

It is likely that the user’s behavior should correspond 
more to the standard schedule than to its boundaries. 
Because of this reason for each constant part of the 
schedules of the internal heat gain Latin Hypercube 
Sampling algorithm (Stein 1987) was applied, instead 
of simple randomization (fig. 5).  
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Figure 4:  Schedule of internal heat gain for office 

room 
 

 

Figure 5: Schedules’ randomization using Latin 

Hypercube Sampling algorithm 
 

Each part of the schedule was randomized 

independently without accounting adjacent parts. 

Since the optimal number of randomized values, 

which is enough for sensitivity analysis, was defined 

by Macdonald (2009) and equals 100, it was used in 

present research. 

15 weather conditions are considered for the 

simulation, which equally represent most populated 

regions in Switzerland: Zurich, Geneva, Basel, 

Lausanne, Bern, Winterthur, Luzern, St. Gallen, 

Lugano, Thun, La Chaux-de-Fonds, Schaffhausen, 

Fribourg, Chur, Sion.  
 

 

Figure 6: Upper and lower limit annual ambient 

temperature profiles 
 

Annual thermal simulations were conducted using 

thermal simulation software IDA-ICE, although 

randomization of input parameters, management of 

simulations and results’ handling were made using 

MATLAB software. General scheme of Monte-Carlo 

simulation procedure is present on fig. 7. 
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Figure 7: Algorithm of the fulfillment of Monte-Carlo 

analysis 
 

Results of Monte-Carlo Simulation 

Point of interest is to compare the influence of the 

variation of the weather data and the variation of the 

user behavior. In figure 8 the 100 daily cooling 

demand profiles are shown which clearly represents 

the influence of a user behavior.  
 

 

Figure 8: Daily cooling demand in dependence of the 

user 
 

In total heating and cooling loads can vary within the 

range up to 20-30 % of its average value at a certain 

time. The influence of weather data variation is 

shown in figure 9. 
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Figure 9: Daily cooling demand in dependence of the 

weather data 
 

It can be seen from figure 8 and 9 that cooling 

demand varies more widely in dependence of the 

weather data than of the user behavior. It can also be 

shown on annual cooling consumption in dependence 

of weather data (figure 10) and user behavior (figure 

11). 
 

 

Figure 10: Annual cooling demand in dependence of 

the weather data 
 

 

Figure 11: Annual cooling demand in dependence of 

the user 
 

 

 

 

 

Cluster analyses 

In general, two-dimensional parameter variation was 

done: it includes the variation of a user behavior and 

variation of a weather data. The variation of static 

parameters of the building is not necessary due to its 

lower influence on the demand time variation. It can 

be seen from fig. 8, 9 that variations of user behavior 

gives a dispersion which follows general direction, 

meanwhile the variation of a weather data gives a 

random variation.  

The idea of present cluster analyses is to make an 

automatic procedure aimed to distinguish such 

structural and random variations in order to easily 

identify further same types of buildings. Because 15 

weather locations were considered – number of 

clusters also equals to 15, however, certain amount of 

clusters can be empty, when variation between the 

weather data is quiet low and it is smoothed by 

building’s inertia. Because of this, standard 

homogenous algorithms as k-means cannot be used, 

because each cluster should include at least 1 data 

point. Therefore, it was chosen to use artificial neural 

network for clustering procedure and the supervised 

machine learning was fulfilled. Using unprocessed 

results of the simulation as an input data for the 

clustering analyses, it was obtained that only 2 

clusters were incorrectly defined (figure 12), which 

includes 42, 58 scenarios respectively. 
 

 

Figure 12: Results of artificial neural clustering of 

unprocessed data 
 

DISCUSSION 

Trained artificial neural network will be further 

approbated on a measurement data of a set of 

buildings’ consumption profiles from one location. It 

means that as a result of a clustering procedure only 

one or several clusters with the biggest number 

profiles in it can be considered as typical; others can 

be treated as abnormal. If the results of a clustering 

procedure are not satisfied, current artificial neural 

network will be again re-trained using as an input 

data preprocessed simulation results, which considers 

basic algorythmical conversions.  
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Comparison of the typical and abnormal groups of 

profiles defined by clusters allows to exactly define 

time, duration and impact of the abnormal behavior 

of the building systems or users, elimination of which 

can save energy. 

CONCLUSIONS 

In the framework of the present research a new 

concept idea is proposed whose main task is to 

evaluate the procedure which allows to identify the 

buildings with probable renovation potential while 

comparing the buildings’ demand profiles with each 

other. For this purpose Monte-Carlo thermal 

simulations of office building were conducted to 

obtain two-dimensional variations: variations due to 

the variable user behavior and variations due to the 

variable weather data. For the clustering algorithm 

artificial neural network was chosen. Using the 

supervised machine learning it was trained to identify 

the weather variations through variations of users 

behaviour uncertainity. Defined neaural network can 

be used further to analyse the data from the real 

office buildings of the same type. 
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