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3 PROTERM Group, Department of Naval and Industrial Engineering, Escola Politécnica Superior,
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Abstract:

The aim of this work is to propose different statistical and machine learning methodologies for identifying
anomalies and control the quality of energy efficiency and hygrothermal comfort in buildings. Companies
focused on energy sector for buildings are interested on statistical and machine learning tools to automate
the control of energy consumption and ensure quality of Heat Ventilation and Air Conditioning (HVAC) installations. Consequently, a methodology based on the application of the Local Correlation Integral (LOCI)
anomaly detection technique has been proposed. In addition, the most critical variables for anomaly detection are identified by using ReliefF method. Once vectors of critical variables are obtained, multivariate and
univariate control charts can be applied to control the quality of HVAC installations (consumption, thermal
comfort). In order to test the proposed methodology, the companies involved in this project have provided
the case study of a store of a clothing brand located in a shopping center in Panama. It is important to note
that this is a controlled case study for which all the anomalies have been previously identified by maintenance
personnel. Moreover, as an alternatively solution, in addition to machine learning and multivariate techniques,
new nonparametric control charts for functional data based on data depth have been proposed and applied to
curves of daily energy consumption in HVAC.

1

INTRODUCTION

The recent advances in the framework of Industry 4.0
allow the companies to monitor the processes that define products and services (Naya, 2017) continuously
with respect to time. The improvements corresponda
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ing to sensoring have lead a high rising in volume and
variety of data, now easily available in a remote way
through web applications. This new paradigm of data
make difficult to control manually the quality of processes. Thus, statistical and machine learning techniques that automate the procedures of anomaly detection and quality control of products and services
are increasingly needed (Lee et al., 2014). Specifically, the companies of building energy efficiency
sector have recently developed energy web platforms
that require the implementation of statistical tools to
automate the anomaly detection, the predictive maintenance, and the quality control of building installa145
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tions (Barbeito et al., 2017; Flores et al., 2018). That
is the case of web platform developed by Σqus company, that provides the real case study described in
this work. It consist on the energy deficiency control of the Heating, Ventilation and Air Conditioning (HVAC) installation of a clothing store placed in
Panama City, from the data provided by Σqus web
platform.
The statistical models used to detect anomalies
could be classified in two main groups. On one hand,
those based on the application of supervised classification techniques (Francisco-Fernández et al., 2012;
Mallik et al., 2011; Bolon-Canedo et al., 2011; BolonCanedo et al., 2017) and, on the other hand, the control charts, in the framework of statistical quality control (Barbeito et al., 2017). Control charts, either for
scalar or multivariate cases, have been profusely used
in all the sectors of industry (Montgomery, 2007).
Broadly speaking, control charts estimate the range
of normal performance of a process, i.e. they provide information about the studied process is in control. If the process is not under control, this could be
related with the presence of an anomaly in the process. When using control charts, training a model
considering of all the types of anomalies is not necessary. This is an advantage with respect to machine learning methods based on supervised classification. This goal can be extrapolated to those cases
in which the quality of a process is defined by the
relation between two variables by using the profile
control charts. These charts are used when the process is defined by curves depending on time or frequency, among others continuous variables (Woodall,
2007), in fact they can be studied from the Functional Data Analysis (FDA) approach, a branch of
statistics that includes all those techniques that can
be applied when data are curves (infinite dimension
data) (Ferraty and Vieu, 2006; Francisco-Fernández
et al., 2012). In this work, a FDA methodology based
on functional data depth (López-Pintado and Romo,
2009) combined with nonparametric control charts
based on ranks (Liu, 1995) is proposed.
This study is organized as follows. The Section
2 describes the energy efficiency case study, and its
corresponding dataset composed of critical to quality variables for building energy efficiency. In Section 3, the machine learning techniques applied to detect anomalies and to extract the relevant features that
help to identify them are briefly introduced. Section
4 accounts for the FDA control chart approach introduction and description. The results obtained from
the application of the statistical and machine learning
methodologies are presented in Section 5, whereas the
Section 6 includes the final remarks.
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2

CASE STUDY: DETECTION OF
ANOMALIES DEALING WITH
THE ENERGY EFFICIENCY OF
HVAC INSTALLATIONS

A clothing store located in a commercial center of
Panama City is studied by continuously monitoring
using the Σqus web platform. Overall 16 critical to
quality variables are measured, including indoor temperatures, energy consumption, energy consumption
in HVAC, relative humidity, CO2 amount, and temperatures of impulsion and return corresponding to
the chillers of the different areas of the store (see Figure 1).

Figure 1: Plan of the study case store placed in Panama
City.

Hourly measurements are obtained from August 1
2017 to October 31 2018. The HVAC installation of
the store begins to run at 9:00 or 10:00 in the morning.
At start-up, a peak in the energy consumption occurs
due to the characteristics of the HVAC installation.
From 12:00, consumption remains relatively constant
until 20:00, 21:00 pm or 22:00 pm, when the store
closes. The shut-down takes about 1 or 2 hours, with
consumption falling at a constant rate of change. The
resulting data can be considered functional data and
thus FDA techniques can be applied. It is also impor-
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tant to note that this case study is a controlled study in
which the anomalies and their assignable causes have
been previously detected for the maintenance staff.
In the following lines, some of the anomalies identified by the maintenance staff are described. Thus,
on September 11 there was a decrease in air conditioning consumption towards the middle of the day.
On September 21, 22 and 30 the shopping center was
closed, so there was no consumption and temperatures were high. On September 27, maintenance tests
were carried out at the store facilities. On September
29, the store HVAC installation was stopped one hour
earlier than usual. As of September 19, the air conditioning is turned off half an hour before, that is, there
is a regulation change in the HVAC system. At the
middle of October, there is a leak in the air conditioning circuit. From that moment, energy consumption
began to rise. Moreover, on November 1, repairing
activities were made. Consequently, the consumption
decreased and, in addition, the star-up consumption
peak was prevented. Between November 17 and 20
the consumption returned to increase. Apart from the
anomalies above mentioned, many others have been
detected and used to train and evaluate the proposed
models.

3

3.1

STATISTICAL AND MACHINE
LEARNING METHODOLOGIES
Machine Learning Methodology

The case study data are vectors composed of 18 variables (16 variables in addition to the date and time)
that correspond to the measurements made by 14 sensors and 2 meters every 5 minutes. We have transformed these measurements into daily vectors in order to perform the analysis of anomalies at the level
of full days. For this purpose, the 288 measurements
of each day have been grouped into 24 measurements
that correspond to the hourly measurements of the
measurements vector. These hourly mean vectors
have been concatenated chronologically giving a vector composed of 24 × 16 = 384 variables per day. On
the set formed by those daily vectors, from which the
vectors identified as anomalies by the user have been
eliminated, the LOCI anomaly detection method has
been applied (Papadimitriou et al., 2003) using Matlab software to obtain a normality model that evaluates the complete set in order to obtain a score that
accounts for the degree in which each vector can be
identified as an anomaly. Consequently, a threshold
on this score has been defined that allows us to ob-

tain a classifier that identifies the anomalies against
the normal vectors. With this information we can
obtain a tagged dataset that has the same number of
positive examples (anomalies) as negative ones (normal vectors). Afterward, the ReliefF feature selection
method (Kira and Rendell, 1992) can be applied (using Weka software) to obtain an ordering of the variables according to their ability to predict the output
class, in this case the presence of an anomaly. That
sorted list will be used to select only the most relevant
variables and discard the remaining. This is an important contribution taking into account the increasingly
high dimension of modern datasets in building energy
efficiency.

3.2 Control Charts for Functional Data
A methodology to build process control charts for
functional data is proposed. The control consists of
two phases: Phase I of process calibration and Phase
II of process monitoring.
1. PHASE I: A control chart for functional
data based on functional data depth and
rank control charts is developed.
With
{X1 (t), X2 (t), . . . , Xn (t)}, observations of a
functional variable X , this hypothesis is tested:
d
H0 : Xi (t) = X j (t), ∀i, j ∈ {1, . . . , n},, with respect
d

to Ha : Xi (t) 6= X j (t), for some i, j ∈ {1, . . . , n}
• An iterative method to detect and discard atypical
curves in order to obtain a process sample under
control is performed.
• The depth of each curve is calculated with respect
to D(Xi )ni=1 using functional data depth measures
such as Fraiman, mode and random projections.
• The lower control limit (LCL) of rank chart is
chosen by a bootstrap procedure based on trimming:
– Reorder the curves according to their depths in
a decreasing way. X(1) , . . . , X(N) .
– It is assumed that at most α % of the sample
can be considered atypical data.
– B samples Xi∗b , i = 1, . . . , N, b = 1, . . . , B are obtained by a smoothed bootstrap:
∗ A uniform sampling is done, i∗ of
1, . . . , [N(1 − α)].
∗ Zi∗ is generated as a Gaussian process with
zero mean and variance-covariance matrix
δΣX with δ ∈ [0, 1]. Where ΣX is the variance and covariance matrix of observations
X(1) , . . . , X([N(1−α)]) .
∗ Finally, Xi∗b = X(i∗) + Zi∗ is obtained
147
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– For each b = 1, . . . , B, we obtain Cb , the 1%
quantile of depth distribution, D(Xi∗b ). The final value C = LCL is the median of Cb .
• Curves that verify D(Xi ) ≤ LCL are outliers and
thus process is out of control. They have to be discarded. A chart that includes the original curves
and the functional envelope obtained from 99% of
the deeper bootstrap replicas is also performed.
2. PHASE II: Another control chart based on rank
control charts and functional depth is proposed to
monitor the process.
• We
want
to
monitor
the
sample
{Xn+1 (t), Xn+2 (t), . . . , Xm (t)} from G distribution, taking into account the calibrating sample
obtained in Phase I {X1 (t), X2 (t), . . . , Xn (t)},
belonging to F distribution. The H0 : F = G
versus H1 : F 6= G is tested.
• From {X1 (t), X2 (t), . . . , Xn (t)}, the depths for calibration sample D(Xi )ni=1 , and for monitored sample, D(X j )mj=n+1 , are obtained.
• The rank statistic for monitored sample are estimated by rG (Xn+1 ), . . . , rG (Xm ), using as reference sample {X1 (t), X2 (t), . . . , Xn (t)}: rG (X ) =
#{Xi |D(Xi )≤D(X ),i=1,...,n}
n

• The rank statistic, the center line CL=0.5, and the
LCLα are plotted in a control chart. The process is monitored. IF rG (X j ) ≤ LCI for some j,
the process is out of control. Functional control
chart is developed, including original curves and
the functional envelop of the 99% deeper curves
of calibrating sample.

4
4.1

RESULTS
Machine Learning Approach for
Anomaly Detection and Features
Selection

The calendar image is updated to reflect the anomaly
score predicted by the LOCI method (Figure 2). The
bar that appears in the background of each panel represents that score. The bar is ochre if it exceeds the
first threshold (pre-alarm threshold) and red if it exceeds the second threshold (alarm threshold). The
days labeled as anomalies by the maintenance personal have been removed from the training set. Then,
the estimated model has been used to classify between normal system performance and anomaly using
the complete set. The two used thresholds are those
defined by a score equal to 1.5 (which identifies as
148

Table 1: Variables orderer taking into account their relationship with respecto to the identification of an anomaly.

Score

Variable

0.045694452
0.041626373
0.041031993
0.040609546
0.036097602
0.035123600
0.034024427
0.031257874
0.03001870
0.023807473
0.022419010
0.022344179
0.020897972

Indoor temperature (CL02, sale area)
Temperature for general entrance of water
Supply-temperature (CL02, sale area)
Water return temperature (CL02, sale area)
Water return temperature (CL01, sale area)
Supply-temperature (CL01, sale area)
Indoor temperature (CL01, sale area)
Energy consumption of HVAC (KW)
Relative humidity (Sales)
Water return temperature (CL03, store)
Supply-temperature (CL03, store)
Indoor temperature (CL03, store)
Overall energy consumption (KW)

anomalies approximately 1 in 4 days) and by a score
of 2.5 (which marks as anomaly approximately 1 in
10 days). It is important to note that the Figure 2 only
shows the variable of total energy consumption for an
illustrative purpose.
The ReliefF method application provides an ordered list of variables according to their importance
to identify anomalies from normal performance (taking into account the chosen anomaly level, 1.5 or
2.5). The more influencing variables are those related to the supply and return temperature of HVAC,
and even the water temperature of general HVAC system, than energy consumption and indoor temperatures. In addition, those variables corresponding to afternoon and evening are more related with the anomalies than those corresponding to the morning. The
assignable cause is that the maximum occupation occurs from 13:00. Therefore, monitoring these features is strongly recommended. Moreover, an average of the weights (importance) of each sensor-meter
throughout the day has been performed (see Table 1).
Moreover, once the score variable is obtained,
control charts for scalar variables can be applied. A
Tukey transformation is previously applied in order
to the scores are Gaussian distributed (Tukey, 1977).
Figure 3 shows the application of control charts for individual observations (Montgomery, 2007). The natural control limits are estimated using a retrospective
sample from August to October 2017. The anomalies corresponding to August, September and October
have been identified and removed from the retrospective dataset through an iterative process. Then, the
sample corresponding to November has been monitored (compared with respect to the previous calculated natural control limits). We can observe that the
process lead out of control at the beginning of November: points (each one corresponding to a different
day) fall out of control limits. This is an indicative
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Figure 2: Calendar that shows each day symbolized by its
daily energy consumption curve. The height and color of
the background bar indicate how plausible the the detection
of an anomaly is (ochre color means pre-alarm and red accounts for an alarm).
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Figure 3: Control chart for individual measurements applied to the score variable obtained by LOCI method. The
control limits are obtained using the calibration or retrospective sample.

of something in the installation has changed. The
assignable cause is that HVAC installation had been
repaired as pointed out in Section 2.

4.2

Application of FDA Approach for
Control Charts

Phase I control chart for functional data is applied to a
retrospective sample of daily HVAC energy consumption that involves the measurements obtained between
August and September (Figure 4). All the previously
mentioned anomalies (see Section 2) have been detected by the application of functional depth chart during an iterative process. The real curves representation helps to identify the assignable cause of each
anomaly. Namely, the absence of energy consumption
peak due to improvements during November 2017,
changes in opening and closing timetable, and failures in sensors and HVAC installations, among other
assignable causes.

Figure 4: Panel A: Phase I FDA control chart where the
first iteration of outlier detection is implemented. Panel B:
The corresponding control chart based on FDA data depth
(Fraiman and Muniz depth). Panel C: Phase I FDA control chart once the outlier detection is implemented (sample
under control). Panel D: Control chart based on FDA data
depth once the sample is under control.
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tween curves, σ(t) = 0.5, and ε(t) and ε̃(t) are Gaussian processes.
Table 2 shows the p̂c (proportion of curves correctly detected as anomalies,%) and p̂ f (proportion
of false alarms, %) for M1 and M2 cases under
the assumption of dependence between curves (ρ =
0.9), obtained from B = 1000 resamples, with α =
0.01. Fraiman and Muniz (FM), Random projections
(RM) and Mode data depth types have been applied
(Febrero-Bande et al., 2012). The results supports the
application to real study cases.
Table 2: p̂c (proportion of curves correctly detected as
anomalies,%) and p̂ f (proportion of false alarms, %) for M1
and M2 cases under the assumption of dependence between
curves (ρ = 0.9), obtained from B = 1000 resamples, with
α = 0.01.
0.4

δ

• Magnitude change (M1): µ(t) = 30t(1 −t)3/2 + δ,
with δ control the change of magnitude at levels
between 0.4 and 2.
• Shape change (M2): µ(t) = (1 − η) · 30t(1 −
t)3/2 + η · 30t 3/2 (1 − t), with η the shape change
level, between 0.2 and 1.
Dependent curves are generated by the model
Ỹi (t) = µ(t) + σ(t) · ε̃(t), con ε̃(t) = ρ · ε̃i−1 (t) + (1 −
ρ) · εi (t). Whereas ρ is the measure of correlation be150
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Figure 5: Panel A: Phase II ontrol chart based on FDA
data depth (Fraiman and Muniz depth). Panel B: The corresponding Phase II FDA control chart where curves of both
calibration and monitoring sample are ploted.

Once the reference sample is obtained, a Phase
II control chart based on a nonparametric rank chart
with functional depth is applied (Figure 5). The
consumption curves corresponding to November are
monitored and detected as anomalies when compared
with the reference sample.
In order to evaluate the performance of the proposed FDA control chart, a simulation study has been
performed. Following other previous works dealing
with outlier detection (Febrero et al., 2008), simulated curves have been generated as follows, assuming a Gaussian process, X (t) = µ(t) + σ(t) · ε(t),
where σ2 (t) = 0.5 and µ(t) = E (X (t)) = 30t(1 −
t)3/2 . Moreover ε(t) is a Gaussian process ε(t) ∼
GP(0, Σ) with mean 0 and variance covariance matrix
|ti −t j |
E [ε(ti ) × ε(t j )] = e− 0.3 .
In order to generate scenarios of atypical curves
(varying in mean an shape), the following means are
considered taking into account other previous work
(Febrero et al., 2008).
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CONCLUSIONS

Companies of energy sector need statistical and machine learning tools that allow us to automate the
anomaly detection and quality control of energy efficiency in buildings (commercial centers, hospitals,
hotels, offices, stores, among others). The real case
study of a clothing shop in a mall of Panama City has
been provided, for which all the anomalies have been
identified by the maintenance staff during a period of
one year. Two approaches for anomaly detection and
quality control of energy efficiency installations in
buildings have been proposed and applied to this case
study in order to automate the process. A machine
learning methodology for anomaly detection based on
the application of LOCI method has been applied. It
allows us to define two different levels of anomaly
or alarm (pre-alarm and alarm) from the calculation
of scores that accounts for relation of each day with
respec to the presence of an anomaly. Taking into account these levels, the anomalies previously indicated
by the maintenance staff have been successfully identified. In addition, the ReliefF method has been also
applied to select which variables are more related with
the presence of anomalies. The more critical variables
for the quality of the energy efficiency system are
the temperatures corresponding to the HVAC installa-
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tion (chiller supply and return temperatures and water
temperature). Consequently, the anomaly detection
procedure could be applied to these variables, making this process more simple and efficient in terms
of time and computation requirements. Alternatively,
when we are interested on controlling just one variable and this is characterized by a functional nature,
a FDA methodology for control charts has been proposed and applied to the HVAC energy consumption
daily curves. Confidence bands have been estimated
in the calibration stage, allowing us to monitor the
consumption curves of new days and decide if they
correspond to anomalies in the system. This statistical
approach is based on functional data depth calculation
and the application of rank control charts.
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