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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 a method to automatically cluster typical days of energy consumption in one or several buildings.  
The method is based on an optimized version of the Symbolic Aggregate approXimation (SAX) method. SAX is a 
data mining technique for clustering time series with recent applications in building fault detection and building 
performance assessment. The number of clusters and accuracy of SAX highly depends on two highly sensitive input 
variables, i.e., the word size and the alphabet size. We propose the use of the genetic algorithm NSGA-II to optimize 
the number of words and alphabet size of SAX subjected to three fitness objectives, i.e., maximize data accuracy and 
compression and minimize complexity. In addition, we propose the use of MAVT as selection method of the optimal 
solution. The methodology is applied to measured energy consumption data of three representative buildings on a 
university campus in Singapore. Potential future uses of the approach include advanced studies in fault detection and 
calibration of urban building performance models. 
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1 Introduction 

Grouping similar behavior in time-series data is a well-established process to characterize the way buildings use 
energy. The practice of daily load profile clustering is a specific technique to group building performance data. This 
procedure begins with the collection and cleaning of raw, sub-hourly sensor data from electrical meters or utility smart 
meters. Sub-hourly building performance data are chunked into 24-hour sub-sections. These diurnal patterns are then 
clustered by comparing the measurements for all samples at each hour or sub-hourly mark of the day and using distance 
metrics to group profiles that are roughly similar. Several unsupervised clustering techniques have been tested in their 
application to performance measurement data from buildings. A seminal review of clustering techniques load pattern 
grouping provides an overview of phases of analysis, clustering techniques, and an in-depth discussion of quantified 
validation and comparison of several tested techniques [1]. Other studies focused on the comparison of clustering 
algorithms and distance metrics as applied specifically to load profiles are cited in [2], [3].  Research outlining the 
application of load profiling in non-residential buildings includes its use for improving load forecasting [4] and utility 
grid analytics [5]. One key approach of [6] defined as the DayFilter process, was recently developed as a specific 
diurnal load profile clustering and filtering process for building energy consumption. The method utilizes the Symbolic 
Aggregate approXimation (SAX) clustering technique. In contrast to other clustering techniques, SAX has the 
advantage of speed and ease of use on large time-series data sets [7] [8]. However, SAX requires several inputs such 
as the size of the generated word (sub-sequence window size) and alphabet size (magnitude breakpoints) as input 
variables and manual selection of these values is onerous when applying the process to large groups of buildings. 
 
This research built upon previous work by refining the use of measured load shape profiling in the domain of urban-
scale building performance simulation. The approach consists of automating the SAX clustering technique with the 
use of multi-objective optimization for selection of the word and alphabet size in SAX. For demonstration purposes, 
the method is applied to hourly energy consumption of three typical buildings of the Nanyang Technological 
University (NTU) Campus of Singapore. 
 
1.1 Data collection and processing 
 
Sub-hourly metered data between 28.08.2014 – 07.07.2016 was gathered from the BMS of each building and cleaned 
with a time-of-week and temperature (TWOT) model [9]. TWOT served to remove outliers and fill in gaps in the 
data. Fig. 1 illustrates typical raw data for three of the most common use types in the area of study.  
 

 

Fig. 1: Raw daily load profiles from three typical building use types. A. dorm, b. laboratory, c. office 

1.2 Clustering 
 
The SAX process converts time-series data into a set of strings that can then be grouped together for the purposes of 
clustering, motif and discord analysis, and finding anomalous behavior. Fig. 2 illustrates the SAX process as 
implemented on two days of data. Within the context of daily load profile, each day is divided into 24-hour periods 
starting at midnight. Each day is then further divided into segments based on the input parameter w, or window size. 
This parameter dictates how many sub-sequences are contained within a day period, and thus, how much data is 
averaged to create each letter of a string and how many letters long the string will be. The magnitude of the measured 
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variable is also divided into a number of regions according to the parameter a, or alphabet size. Each subdivided region 
is assigned a letter of the alphabet and this letter is used if the mean value of the data for each subsequence window 
falls in that region. The two days in Fig. 2 follow this process with the parameter settings of 𝑤𝑤 = 4, and 𝑎𝑎 = 3. The 
strings acba and abba were created for these two days. The clustering process simply groups all daily profiles of a 
certain string to create bins of samples that are somewhat similar. SAX can modulate between different levels of 
aggregation and detail by choosing different input parameter settings. The larger a or w are, the lower the number of 
clusters are. 
 

 

Fig. 2: Example of the SAX conversion of two days of building performance data. The each day is divided into four segments of six hours (w=4) 
and the magnitude is divided into three parts (a=3) (Used with permission from [6]) 

1.3 Multi-objective optimization  
 
Defining the optimal number of clusters in time-series data is a multi-objective optimization problem. In terms of the 
SAX method, the inputs w and a should be selected to minimize the number of different strings (clusters) while 
maximizing the similitude and complexity of data represented in each cluster. Acosta et al., [10] conclude that these 
conflicting objectives can be represented by three main performance metrics: accuracy, complexity, and compression. 
Accuracy (Α ) (Eq.1) describes how reliable a variable is to predict the value of other variables. It is computed through 
a normalized entropy calculation of  𝑛𝑛′ strings. Where 𝑃𝑃𝑖𝑖  is the probability of occurrence of string 𝑖𝑖, and 𝑛𝑛 = 365 are 
the number of days included in the original time series. 
 

Α =  − 
∑ 𝑃𝑃𝑖𝑖 ∙ 𝑙𝑙𝑜𝑜𝑜𝑜2(𝑃𝑃𝑖𝑖) 𝑛𝑛′

𝑖𝑖=1
𝑙𝑙𝑜𝑜𝑜𝑜2(𝑛𝑛)  

(1) 
 

 
Complexity (Β) limits the generation of different strings (clusters) by penalizing the discretization scheme. It is 
computed according to Eq. 2. In contrast to Acosta et al., [10], we use the inverse of complexity to convert the objective 
function of Eq. 4 in an entire maximization problem. A complexity close to one is equivalent to a low number of 
clusters. 
 

Β = 1 − 𝑛𝑛′/𝑛𝑛 (2) 
 

Compression (Γ ) accounts for the capacity of the clustering technique to reduce the dimensionality of the 𝑘𝑘 = 24 ℎ 
period selected to represent a day. It is a measure of the compression rate of a particular discretization scheme {𝑤𝑤, 𝑎𝑎}. 
Values of compression closer to one are equivalent to higher compression rates or a lower number of 𝑤𝑤 in every string. 
 

Γ = 1 − 𝑤𝑤/𝑘𝑘  (3) 
 

The genetic algorithm type NSGA-II is selected to find the global optima of the multi-objective optimization problem. 
The genetic algorithm is one of the most efficient and widely validated [11]. We tested the algorithm for 100 
individuals and 500 generations finding convergence (i.e., a stable diversity = 0.982) after 100 generations. 
 

𝑂𝑂. 𝐹𝐹 = max (Α , Β, Γ)  (4) 
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1.4 Selection 

In order to select the most optimal solution of the Pareto-Frontier, we propose a Multi-Criteria Decision Analysis 
based on the multi-attribute value theory (MAVT). MAVT computes a global value (𝑉𝑉) out of the partial values 𝑢𝑢 of 
the criteria under analysis (Eq.4) [12]. The equation is applied over every individual of the Pareto-front and the 
individual with the maximum global value is selected. For demonstration purposes we applied the arbitrary weights 
in the scale of 10 – 100 of α = 100, β = 100, γ = 70 for Α, Β, 𝑎𝑎𝑎𝑎𝑎𝑎 Γ respectively. The calibration of these weights 
remains part of future work (see [10]). Figure 3 illustrates the results for three typical building use types in the area of 
study. 
 

𝑉𝑉 = ∑ 𝑊𝑊𝑖𝑖 ∙ 𝑢𝑢𝑖𝑖

3

𝑖𝑖=1
 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒: 𝑢𝑢𝑖𝑖 𝜖𝜖 {Α, Β, Γ}, 𝑊𝑊𝑖𝑖 𝜖𝜖 {α, β, γ}   

(5) 

 

 

Figure 3: Pareto-frontier and selected individual for typical building use types. A. dorm, b. laboratory, c. office 

 
2 Results  

Figure 4 presents the daily load shape of the three building types of the study. The figure compares the results of the 
present study (optimization case) with those of a traditional application of SAX in building performance analysis 
(default case) where 𝑤𝑤 = 4, and 𝑎𝑎 = 3 (see section 1.2). For the building uses of interest the optimization case 
requires close in the range of seven to 13 times more clusters than the default case. Despite of this, data accuracy 
increases between 30% and 40% for the optimization case. Table 1 presents a summary of performance indicators of 
the default case and optimization case. 
 
 

Data Default case Optimization case 
Building 
Use Type 𝑎𝑎 𝑤𝑤, 𝑎𝑎  𝑎𝑎′ 𝐴𝐴 Β Γ 𝑉𝑉 𝑤𝑤, 𝑎𝑎  𝑎𝑎′ 𝐴𝐴 Β Γ 𝑉𝑉 

Dormitory 680 3, 4 20 0.37  0.97  0.88 70.7 3, 22 209 0.74 0.69 0.88 75.8 
Laboratory 680 3, 4 12 0.26 0.98 0.88 66.7 4, 17 203 0.71 0.70 0.83 74.4 

Office 680 3, 4 4 0.05 0.99 0.88 66.7 4, 24 73 0.47 0.89 0.83 74.8 
 

Table 1 Comparison in gains of indicators of default case vs. optimization case. 
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Figure 4: Clustered mean daily load profile for dormitory, laboratory, and office. Top: Default case: Bottom: Optimize case. From left to right: 
Dormitory, Laboratory, and Office. 

 
3 Conclusions 

This research built upon previous work by refining the use of measured load shape profiling in the domain of urban-
scale building performance assessment. Specifically, this work builds upon the use of SAX as a technique for quickly 
clustering daily load profiles.  Several key novelties come out of this work.  The first is the automated parameter 
selection of load profiles for different building use types. The second is a new unsupervised method based on the 
combination of SAX, NSGA-II, and MAVT. The method is coded in an open source language and made available as 
a module for the City Energy Analyst tool[13]. 
 
For the case study, the results depict an increase in 35% - 45% and 10 - 30% for data accuracy and complexity in 
comparison to the default case (w =3, a=4) of SAX in building performance simulation. Despite this, the optimal 
selection of clusters might be lacking a similitude index to constrain groups of similar clusters.   
 
This research is important for the purpose of characterizing diurnal building performance behavior. This information 
is useful for several applications related to whole building and district-scale building simulation, optimization of the 
design of large-scale heating and cooling systems, and detection of anomalous behavior that could be attributed to 
performance improvement opportunities. Typical daily performance behavior is used to create utilization and diversity 
schedules in simulation programs such as the City Energy Analyst (CEA) and EnergyPlus. The automated creation of 
these profiles enables the scaled analysis of several buildings of buildings in large urban-scale groups. The availability 
of data at these scales is increasing rapidly due to new sources such as campus energy management systems and smart 
meters at the grid-scale. Anomaly detection at these scales can also be greatly enhanced through automated load profile 
generation. The measured performance of a specific building can be compared to its peers not only in terms of 
magnitude but also in its typical patterns of use. This type of analysis detects the misclassification of a building's 
primary use; it can help understand, for example, whether a building that is labeled as an office is “acting” more like 
a laboratory in its use patterns. If so, it might be the case that the building has been renovated or has equipment more 
consistent with a more intensive use type. This information is useful when determining which buildings are its peers 
and what standard that building should be compared against. 
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1.4 Selection 

In order to select the most optimal solution of the Pareto-Frontier, we propose a Multi-Criteria Decision Analysis 
based on the multi-attribute value theory (MAVT). MAVT computes a global value (𝑉𝑉) out of the partial values 𝑢𝑢 of 
the criteria under analysis (Eq.4) [12]. The equation is applied over every individual of the Pareto-front and the 
individual with the maximum global value is selected. For demonstration purposes we applied the arbitrary weights 
in the scale of 10 – 100 of α = 100, β = 100, γ = 70 for Α, Β, 𝑎𝑎𝑎𝑎𝑎𝑎 Γ respectively. The calibration of these weights 
remains part of future work (see [10]). Figure 3 illustrates the results for three typical building use types in the area of 
study. 
 

𝑉𝑉 = ∑ 𝑊𝑊𝑖𝑖 ∙ 𝑢𝑢𝑖𝑖

3

𝑖𝑖=1
 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒: 𝑢𝑢𝑖𝑖 𝜖𝜖 {Α, Β, Γ}, 𝑊𝑊𝑖𝑖 𝜖𝜖 {α, β, γ}   

(5) 

 

 

Figure 3: Pareto-frontier and selected individual for typical building use types. A. dorm, b. laboratory, c. office 

 
2 Results  

Figure 4 presents the daily load shape of the three building types of the study. The figure compares the results of the 
present study (optimization case) with those of a traditional application of SAX in building performance analysis 
(default case) where 𝑤𝑤 = 4, and 𝑎𝑎 = 3 (see section 1.2). For the building uses of interest the optimization case 
requires close in the range of seven to 13 times more clusters than the default case. Despite of this, data accuracy 
increases between 30% and 40% for the optimization case. Table 1 presents a summary of performance indicators of 
the default case and optimization case. 
 
 

Data Default case Optimization case 
Building 
Use Type 𝑎𝑎 𝑤𝑤, 𝑎𝑎  𝑎𝑎′ 𝐴𝐴 Β Γ 𝑉𝑉 𝑤𝑤, 𝑎𝑎  𝑎𝑎′ 𝐴𝐴 Β Γ 𝑉𝑉 

Dormitory 680 3, 4 20 0.37  0.97  0.88 70.7 3, 22 209 0.74 0.69 0.88 75.8 
Laboratory 680 3, 4 12 0.26 0.98 0.88 66.7 4, 17 203 0.71 0.70 0.83 74.4 

Office 680 3, 4 4 0.05 0.99 0.88 66.7 4, 24 73 0.47 0.89 0.83 74.8 
 

Table 1 Comparison in gains of indicators of default case vs. optimization case. 
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Figure 4: Clustered mean daily load profile for dormitory, laboratory, and office. Top: Default case: Bottom: Optimize case. From left to right: 
Dormitory, Laboratory, and Office. 

 
3 Conclusions 

This research built upon previous work by refining the use of measured load shape profiling in the domain of urban-
scale building performance assessment. Specifically, this work builds upon the use of SAX as a technique for quickly 
clustering daily load profiles.  Several key novelties come out of this work.  The first is the automated parameter 
selection of load profiles for different building use types. The second is a new unsupervised method based on the 
combination of SAX, NSGA-II, and MAVT. The method is coded in an open source language and made available as 
a module for the City Energy Analyst tool[13]. 
 
For the case study, the results depict an increase in 35% - 45% and 10 - 30% for data accuracy and complexity in 
comparison to the default case (w =3, a=4) of SAX in building performance simulation. Despite this, the optimal 
selection of clusters might be lacking a similitude index to constrain groups of similar clusters.   
 
This research is important for the purpose of characterizing diurnal building performance behavior. This information 
is useful for several applications related to whole building and district-scale building simulation, optimization of the 
design of large-scale heating and cooling systems, and detection of anomalous behavior that could be attributed to 
performance improvement opportunities. Typical daily performance behavior is used to create utilization and diversity 
schedules in simulation programs such as the City Energy Analyst (CEA) and EnergyPlus. The automated creation of 
these profiles enables the scaled analysis of several buildings of buildings in large urban-scale groups. The availability 
of data at these scales is increasing rapidly due to new sources such as campus energy management systems and smart 
meters at the grid-scale. Anomaly detection at these scales can also be greatly enhanced through automated load profile 
generation. The measured performance of a specific building can be compared to its peers not only in terms of 
magnitude but also in its typical patterns of use. This type of analysis detects the misclassification of a building's 
primary use; it can help understand, for example, whether a building that is labeled as an office is “acting” more like 
a laboratory in its use patterns. If so, it might be the case that the building has been renovated or has equipment more 
consistent with a more intensive use type. This information is useful when determining which buildings are its peers 
and what standard that building should be compared against. 
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Further research in this direction lies in the use of the generated profile patterns for the calibration criteria for MAVT, 
and the study of similitude indexes.  
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