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a b s t r a c t 

This paper presents the development of a symbolic transformation based strategy with interpretabil- 

ity and visualisation for building energy performance assessment. The strategy was developed using 

shape definition language based symbolic transformation and hierarchical clustering. Advanced visuali- 

sation techniques including dendrogram, heatmap and calendar view were used to assist in understand- 

ing building energy usage behaviours. A comparison of this proposed strategy with a Symbolic Aggregate 

approXimation (SAX) based strategy was also performed. The performance of the proposed strategy was 

tested and evaluated using the three-year hourly heating energy and electricity usage data of a higher 

education building. The result demonstrated that the proposed strategy can identify distinct building en- 

ergy usage behaviours. The visualisation techniques used also assisted the information discovery process. 

The discovered information helped to understand building energy usage patterns. The comparison of the 

proposed strategy with the SAX based strategy showed that the proposed strategy outperformed the SAX 

based strategy for the case building tested in terms of the variations in building energy usage. This pro- 

posed strategy can also be potentially used to evaluate the operational performance of building heating, 

ventilation and air-conditioning (HVAC) systems. 

© 2018 Elsevier B.V. All rights reserved. 

1. Introduction 

The operation of buildings and building Heating, Ventilation 

and Air-conditioning (HVAC) systems may suffer from various is- 

sues such as equipment malfunctions, sensor reading faults, inap- 

propriate operating procedures, incorrectly configured control sys- 

tems and equipment performance degradation [1,2] . Building en- 

ergy performance assessment is therefore essential to understand 

building energy performance levels and timely assist in identifying 

the potential operational issues that may influence building energy 

efficiency and indoor thermal comfort. 

Over the last several decades, many effort s have been made on 

the development of appropriate methods for effective building en- 

ergy performance assessment [3] . Pang et al. [2] , for instance, pro- 

posed a framework to facilitate the comparison between the build- 

ing actual performance and the expected performance predicted 

by an EnergyPlus model. Based on a set of performance indicators, 

Kosai and Tan [4] developed a framework for quantitative analysis 

of energy performance of zero energy buildings. Yan et al. [5] de- 

veloped a multi-level strategy for energy performance diagnosis of 
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buildings with limited energy usage data available. Through a case 

study, Dascalaki et al. [6] concluded that building typologies can 

be considered as a useful tool in assessing the energy performance 

of residential buildings. 

Data mining, as an interdisciplinary subfield of computer sci- 

ence, is attracting increasing attention and is now being consid- 

ered as an alternative solution to address the challenges faced 

by conventional building energy performance assessment methods 

[7–12] . Gao and Malkawi [8] , for instance, presented a method- 

ology using k -means clustering for building energy performance 

benchmarking. The methodology consisted of four steps, includ- 

ing feature selection, cluster analysis, cluster validation and in- 

terpretation. Raatikainen et al. [9] described a method using self- 

organizing maps, U-matrix representation, Sammon’s mapping, k - 

means clustering and Davis-Bouldin index to analyse the en- 

ergy consumption of school buildings. do Carmo and Christensen 

[10] used k -means cluster analysis to identify the typical heating 

load profiles of Danish single-family detached homes in order to 

facilitate the development of cost effective demand side manage- 

ment solutions. The use of Partitioning Around Medoids clustering 

algorithm and Pearson Correlation Coefficient based dissimilarity 

measure to identify the typical heating load profiles of higher ed- 

ucation buildings was presented in [11] , in which the typical daily 
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Table 1 

Description and definition of the symbols. 

Symbol Description Lower bound Upper bound 

Stable Virtually no variation −0.05 0.05 

Jump Significant increase 0.20 1.00 

Up Slight increase 0.05 0.2 

Down Slight decrease −0.20 −0.05 

Plunge Significant decrease −1.00 −0.20 

load profiles were identified on the basis of the variation similar- 

ity. A clustering method using k-shape algorithm was used by Yang 

et al. [12] to identify the shape patterns of time series building en- 

ergy usage data in order to improve the accuracy of forecasting 

models. From the above studies, it can be seen that cluster analy- 

sis is the primary data mining algorithm used in building energy 

performance assessment and the results showed the effectiveness 

of using data mining algorithms in the identification of the hidden 

information from the massive amount of building operational data. 

In data mining strategies, data transformation is often used to 

transform the time series data into suitable formats to support the 

data mining process. Symbolic transformation is one of the com- 

mon families of a time series representation approach which con- 

verts numeric time series data into symbolic forms [13] . There are 

two types of symbolic transformation methods, which were devel- 

oped based on the means of the time segments and the volatility 

change, that are commonly used [13] . Symbolic Aggregate approX- 

imation (SAX) was used by Miller et al. [14] to transform building 

energy usage data into alphabets to identify discords and create 

performance motifs. SAX was also used by Fan et al. [15] to de- 

velop a methodology for temporal knowledge discovery of big data 

collected from building automation systems (BASs). Based on the 

operational cycle of a chiller identified using a k -means clustering 

algorithm, Habib et al. [16] first transformed the operational cycles 

into symbols using SAX and the symbolic representation was fur- 

ther transformed into a bag of word representation for hierarchical 

clustering. The performance of an air handling unit was studied 

by Dedemen et al. [17] , in which SAX was used to detect the fre- 

quently occurring patterns and unexpected patterns in the sensor 

data provided by the BAS. An extension of SAX was used by Kalluri 

et al. [18] to extract the features that are characteristic of individ- 

ual appliance transient states in an office. From the above studies, 

it can be seen that SAX is the main methods used for symbolic 

transformation of the time series data to facilitate the data mining 

process. 

With the wide deployment of building management systems 

and smart meters, a massive amount of high-resolution energy us- 

age data from buildings can now be readily available. This pro- 

vides a great opportunity to better understand building energy us- 

age characteristics and operational performance through discover- 

ing the hidden information behind this massive amount of data. 

However, without advanced data analytic techniques, the valuable 

information underneath the massive data may not be properly ex- 

tracted. This paper presents a strategy for building energy perfor- 

mance assessment using shape definition language based symbolic 

transformation and hierarchical clustering. Different from the ma- 

jority of the previous studies used cluster analysis with a focus on 

the load magnitude for building energy performance assessment, 

this study used the volatility change based symbolic transforma- 

tion to convert the time series data into symbolic forms and the 

typical building energy usage profiles were identified based on the 

energy usage variations. The advanced visualisation techniques in- 

cluding dendrogram, heatmap and calendar view were used to as- 

sist in building energy performance assessment. A comparison of 

the proposed strategy with a SAX based symbolic transformation 

strategy was also performed. The performance of this proposed 

strategy was tested and evaluated using the three-year hourly dis- 

trict heating energy and electricity usage data collected from a 

higher education building in Norway. 

2. Development of the building energy performance 

assessment strategy 

2.1. Outline of the proposed strategy 

The outline of the proposed symbolic transformation based 

strategy to examine the building energy performance is presented 

in Fig. 1 . It mainly consists of four steps, including data collection, 

data pre-processing, data mining, and an evaluation and interpreta- 

tion of the results. The first step is the collection of building energy 

usage data from BASs. The collected data is then pre-processed in 

the second step, which consists of five main tasks including out- 

lier removal, data segmentation, small variation segments removal, 

data normalisation and symbolic transformation of the time se- 

ries data. In this study, the generalised Extreme Studentised De- 

viate (ESD) test method was used to identify and remove the out- 

liers from the raw data as it can detect one or more outliers in a 

univariate data set that follows an approximately normal distribu- 

tion [19] . The details of this test method can be found in [19,20] . 

Data segmentation is to transform the data into 24-hour segments 

in order to form daily load profiles. In order to identify the typi- 

cal daily energy usage profiles that have distinct patterns, the seg- 

ments with a small difference between the daily maximum and 

minimum energy usage were discarded. In this study, 5.0% of the 

segments with the least difference among all the daily segments 

were considered as the small difference and were discarded. The 

daily load profiles were then normalised to a range of 0–1, where 

1 is the daily maximum, and 0 is the daily minimum. The last step 

in the data pre-processing is to transform the segments of the nor- 

malised data through the symbolic representation which will be 

introduced in Section 2.2 . 

The data mining process starts to identify the pre-defined sym- 

bols and shapes and then summarises the distribution of the sym- 

bols and shapes to provide a preliminary understanding of the 

building energy usage behaviour. The Dice coefficient between 

each pair of the daily load profiles is then calculated to deter- 

mine the dissimilarity measure for clustering the daily load pro- 

files, which will be introduced in Section 2.3 . A hierarchical clus- 

tering technique is used to determine the structure and the num- 

ber of the clusters with the assistance of the heatmap and dendro- 

gram based visualisation techniques. Typical daily load profiles are 

then formed by calculating the mean value of all the load profiles 

in each cluster. The distribution of the typical daily load profiles is 

further plotted as a calendar view to better understand the tempo- 

ral distribution of the typical daily load profiles identified. 

2.2. Symbolic transformation 

In this study, a volatility change based method was used to 

capture the variations in the building energy usage data. The nor- 

malised daily load profiles were transformed into a symbolic repre- 

sentation form based on the Shape Definition Language (SDL) pro- 

posed by Agrawal et al. [21] . SDL is a small language which allows 

a variety of queries about the shapes found in histories and has the 

capability for blurry matching to give the primary focus on over- 

all shape rather than the specific details [21] . Table 1 summarises 

the symbols used in this study for symbolic transformation, and 

the corresponding description and definitions. The values used in 

Table 1 were determined by referring to Agrawal et al. [21] . It is 

worthwhile to note that these values used might not be the op- 

timal values. In this method, the symbols were defined according 

to the difference between the value at the i th time step and the 
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