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Abstract

In the building energy efficiency field, developing automatic and accurate fault detection and diagnosis methods is necessary in
order to ensure optimal operations of systems and to save energy. In this paper first, fault detection analysis based on statistical
methods where anomalies are detected through a comparison with neighborhood and averaged fault-free values and through a
clustering technique is performed. Following the fault detection step, a fault diagnosis analysis based on fuzzy sets and fuzzy
logic is implemented. Experimentation is carried out over a one day monitoring data set in December 2013 for the fan coil
electric consumption of an actual office building located at ENEA ‘Casaccia’ Research Centre. Results show the effectiveness of
proposed approaches in automatic detection and diagnosis of abnormal building fan coil electric consumption.

© 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
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1. Introduction

Energy efficient management of building systems is a crucial issue in order to minimize energy consumption and
costs. In particular, consumptions related to residential and commercial sectors in developed regions are estimated to
40% or more of final energy use annually [1]. Furthermore, heating, ventilation and air conditioning (HVAC) system
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consumes 30% of the primary energy in Europe [2], 14% of the primary energy in the U.S. [3], and about 32% of the
electricity generated in the U.S. [4]. Building energy system and the monitoring of its energy and environmental
performance has been the subject of great interest in recent years. In Europe, member states have set an energy
savings target of 20% by 2020, mainly through energy efficiency measures. A number of methodologies for
optimizing real-time performance, automated fault detection and isolation were developed in Annex 25 [4].

HVAC systems provide building occupants with a comfortable and productive environment, and improving
energy efficiency while maintaining the indoor environmental quality satisfactory is quite challenging. Building
HVAC systems faults, including design problems, equipment and control system malfunction, and inappropriate
operating procedures [5], result in energy waste and occupant discomfort. Well-managed HVAC systems results in
an average savings of 5-15% of total energy consumption in full commissioning of existing buildings [6][7]. Many
of diagnostic methods developed in Annex 25 were later demonstrated in real buildings in Annex 34 [8], which
concentrated on computer-aided FDD. The application of simulation and optimization tools to solve a variety of
energy management problems in HVAC system or building design problems is shown in the works of
[9][10][11][12]. Air handling unit (AHU) is one of the important component in HVAC system, which is the heat
exchange station between the air and water. AHUs directly influence the energy consumption of air conditioning
systems as well as indoor air quality and thermal comfort in air-conditioned spaces. Therefore, fault detection and
diagnosis (FDD) in AHUs also attracted intense research interests. Salsbury and Diamond [13] provided a practical
algorithm for diagnosing control loop problems in an AHU. A method for the AHU sensor fault detection based on
the principal component analysis (PCA) was elaborated in the work of [14]. Liang and Du [15] and Cho et al. [16]
used statistical classifiers for their FDD tools. Many other approaches has been carried out on this task: Parvaresh et
al. [17] proposed a Takagi-Sugeno fuzzy classifier, Du et al. [18] a Takagi-Sugeno-Kang fuzzy model, Dexter [19]
based his approach on fuzzy matching and Dempster’s rule of combination, Magoules et al. [20] used RDP neural
networks, Song et al. [21] and Schein et al. [22] developed tools based on a set of rules threshold-based.

In this paper, a hybrid statistical and inferential approach to diagnose employees improper use of fan coils of a
tertiary building inside R.C. Casaccia is proposed. The major contents of this study are: 1) fault detection is
performed on the collected 10 min timestamp data using peak detection and DBSCAN methods. In addition,
Mzscore index is used to quantify the abnormal values detected through peak detection; 2) fault diagnosis using the
fuzzy sets and fuzzy logic (fuzzyfication) is implemented. The organization of the paper is as follows. Sections 2 and
3, gives preliminaries that provide brief background knowledge on peak detection and DBSCAN methods
respectively. In section 4, fuzzy theory used for diagnostics inference is discussed and section 5 presents the
application of proposed approach, results and discussion. Conclusions based on results of this study constitute
section 6.

2. Peak Detection Method

Identifying and analyzing peaks in a given time-series is important in many applications such as building energy
consumptions. In order to avoid subjectivity and to devise algorithms for the automatic detection of peaks in any
given time-series, it is important to define the notion of peak. A peak is defined as an observation that is inconsistent
with the majority of observations of a data set. Not all local peaks are true peaks: a local peak is a true peak if it is a
reasonably large value even in the global context.

The implemented method, Peak Detection Method, is based on the use of a peak function S, which associates a
score with every element of the given time-series, proposed by [23]: a given point is a peak if its score is positive
and it is greater or equal than a user-specified (or suitably calculated) threshold value. Particularly, the peak function
S (eq. 1) computes the average of the maximum among the signed distances of a given point x; in a time-series 7'
from its & left neighbors and the maximum among the signed distances from its k right neighbors:

max {X =, X =Xy X~ fHMAX{x — X, X =X X~ X ) M

S(k,i,x,,T) = >

k is a user-specified integer and must be much smaller (e.g., 3 to 5) as more peaks are “thin”. The S function is an
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index that allows to quantify the severity of outliers and then provides information about the priorities for actions to
be associated with each outlier.

In addition to the S function, another synthetic index is the modified z score (Mzscore). This index is based on
the distance and direction of each outlier compared to the average value of normal observations (observations that
do not contain outliers). On the basis of outliers n,,, identified with the method described above, it’s possible to
identify the set X of all values, the set X, constituted by only anomalous values (,,,), the set X,,,,.... constituted by

only non-anomalous values (n - n,,) and calculate meanx, and standard deviation S of vector Xu-our. The value of

Mzscore z,, is calculated for each value, considering respectively outlier values (eq. 2) and not outlier values (eq. 3),
in the following ways:

X ut ;rob (2)

o

S
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— Xrob (3)
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S

3. DBSCAN

Clustering is concerned with grouping together objects that are similar to each other and dissimilar to the objects
belonging to other clusters. Density-based method is designed to deal with non-spherical shaped clusters and require
the definition of a metric to compute distances between objects in the dataset. In this case study, distances between
objects are measured by means of the Euclidean distance computed on normalized data. DBSCAN requires two
parameters [24]: a real number (r) and an integer number (minPts) required to specify size of neighborhood and the
minimum number of points respectively to form a cluster. DBSCAN is an iterative algorithm which iterates over the
objects in the dataset, analyzing their neighborhood. It starts with an arbitrary starting point that has not been visited.
This point's epsilon-neighborhood is retrieved, and if it contains sufficiently many points, a cluster is started.
Otherwise, the point is labeled as noise. If a point is found to be a dense part of a cluster, its epsilon-neighborhood is
also part of that cluster. Hence, all points that are found within the epsilon-neighborhood are added, as is their own
epsilon-neighborhood when they are also dense. This process continues until the density-connected cluster is
completely found. Then, a new unvisited point is retrieved and processed, leading to the discovery of a further
cluster or noise. The 'Cluster 0" assigned by DBSCAN algorithm corresponds to points that are labeled as noise
and/or outliers. These are the points that have less than minPts points in their epsilon-neighborhood. The
effectiveness of the algorithm is strongly affected by the setting of parameters r and minPts.

4. Fuzzy Logic

Fuzzy modeling was originally proposed by [25] and has been further developed by several authors, including
[26]. Fuzzy logic extends Boolean logic, replacing the true/false values with partial truth and consists of a set of
production rules which define the relationship between the input and output variables [27]. Rules are of the form:
"IF Xis ATHEN Y is B", where A is a fuzzy set over the input domain X and B a fuzzy set over the output domain
Y.

If X is a collection of objects denoted generically by x, then a fuzzy set A in X is a set of ordered pairs:

A={ (X pxe X)} (€]

pra(x) is called the membership function (generalized characteristic function), which maps X to the membership
space M. Its range is the subset of non-negative real numbers whose supremum is finite. For sup(pa(x)) = 1 we have
normalized fuzzy set, which are those commonly used. Therefore, in fuzzy sets the key task is the definition of the
membership function (fuzzyfication). This can be any kind of analytical function whose parameters have to be
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properly tuned according to the meaning of the fuzzy set itself. A fuzzy set operation is an operation on fuzzy sets.
These operations are generalization of crisp set operations. There is more than one possible generalization. The most
widely used operations are called standard fuzzy set operations. There are three operations: fuzzy complements,
fuzzy intersections, and fuzzy unions.

The membership function of the intersection (logical and) of two fuzzy sets A and B is defined as:

uana(X) = Min(ua(X),up(X)) Vx € X &)

The Intersection operation in Fuzzy set theory is the equivalent of the AND operation in Boolean algebra.
The membership function of the union (exclusive or) is defined as:

Haup (X) =Max(pa(X),pp(X)) Vx € X (©)
The Union operation in Fuzzy set theory is the equivalent of the OR operation in Boolean algebra.
The membership function of the complement (negation) is defined as:
a(X) =1 - paX) Vx € X @)

The complement operation in fuzzy set theory is the equivalent of the NOT operation in Boolean algebra.

5. Experimentation
5.1. Fault detection analysis

An actual office building located at ENEA Research Centre (Rome, Italy) was considered as a case study. In
particular, the building is named "F40" and was built between 1970 and 1972 (see Fig. 1). The building is composed
of three floors and is equipped with an advanced monitoring system aimed at collecting energy consumption
(electrical and thermal) and the environmental conditions.

Fig. 1. F40 Building
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Monitoring and actuation system developed is structured in five logical layers: fieldbus layer directly interface to
sensor network through a building energy management system (BEMS), sensor and actuator layer containing
applications that interface database of data warehouse layer with BEMS, application layer containing diagnostics
and control logics applications, presentation layer that is a web interface to users.

MySQL
Database
3
WS XML
v
BEMS
LV\\
1
Electrical Electrical Electrical
Ground Panel 1st Panel 2nd
Floor Floor Floor
PLC / j \
PLC Device 1 PLC Device 2 PLC Device n
Room1 Room 2 Room n

Fig. 2. Monitoring and acquisition system developed in F40 Building

The actual infrastructure is shown in Fig. 2: field sensors communicate with electrical panel through electrical
line using power line communication (PLC) technology, which enables to commute electrical signals such that data
can be carried on the same line. PLC devices modulates data from fieldbus sensors into electrical signals and
demodulates into data again to electrical panel. Communication between electrical panel and BEMS server is
handled within local area network (LAN). The acquisition phase is then completed by sensor layer, which retrieve
data from BEMS in XML format and parse it into the database. Actuation phase is processed by actuator layer, that
reads desired values to be set from a dedicated database table and communicates with BEMS through web services
(WS).

Fan coil electric maximum power consumption of the building second floor was analyzed and considered in this
experimentation with a 10 minutes time step. Furthermore, people presence and time of the day were recorded with
a 10 minutes time step. On the second floor of the building F40 there are 20 fan coil units (see Fig. 3), characterized
by an electrical power of 22 W, 28W, 40 W corresponding to the three possible speeds. At the time of testing, the
switching on and off of fan coil units were fully manual. Thus, in this study the FDD analysis of fan coil units
results in a occupant behavior diagnosis.

A dataset of about one day (22 December 2013 - 23 December 2013) was considered. In order to verify the
reliability and the effectiveness of the proposed FDD approach, an “artificial” fault was created in the afternoon of
Monday 23 December. In that day, between 14:00 and 14:40, with a low people presence, all the fan coil units of the
second floor were switched on creating an anomalous peak of energy demand.
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Fig. 3. Example of fan coil unit under examination

= Maximum Power
—— S function
—+— Mzscore

Fig. 4. Normalized maximum power consumption, S function and Mzscore indices and detected faults (circled)

The peak detection and the DBSCAN methods were applied to the sequence maximum power demand data for
detecting faulty operation or anomalous values. In Fig. 4 the normalized maximum power consumption and the
normalized trends of S function and Mzscore indices in the lattice [0,1] are reported: the severity indices correctly
assume higher values in correspondence to the detected (circled) faults. Detected faults by peak detection and
DBSCAN methods are reported in Table 1 and in Table 2 respectively.
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Table 1. Fault detection results with Peak Detection Method. Parameters values used: k=4, h=1.

Time Power S function Mzscore
kW)

22/12/2013 0.10 0.10 2.63
19:10

23/12/2013 0.12 0.12 3.30
01:30

23/12/2013 0.17 0.17 4.96
07:30

23/12/2013 0.22 0.20 6.63
14:10

23/12/2013 0.21 0.20 6.30
14:20

Table 2. Fault detection results with DBSCAN Method. Parameters values used: epsilon=0.5, minPts=5.

Time Presence Power zPresence zPower
kW)

23/12/2013 10 0.17 1.78 3.06
07:30

23/12/2013 5 0.03 0.61 0.01
12:00

23/12/2013 3 0.15 0.15 2.62
13:50

23/12/2013 2 0.22 -0.08 4.15
14:00

23/12/2013 2 0.22 -0.08 4.15
14:10

23/12/2013 2 0.21 -0.08 3.93
14:20

23/12/2013 2 0.15 -0.08 2.62
14:30

23/12/2013 2 0.17 -0.08 3.06
14:40

5.2. Diagnostic process with a fuzzy analysis

417

Finally, the experimentation concerned the application of the fault diagnosis method on the selected testing day is
proposed. The fault diagnosis system is based on fuzzy sets and fuzzy logic .A fuzzyfication of low level signals and
a fuzzy sets composition providing a real value, in the lattice [0,1], capable of indicating the seriousness or the alarm

degree (1 maximum alarm degree, 0 no alarm degree) of the detected fault with the cause under examination.

Thus, in order to characterize the diagnostics index for an anomalous fan coil electric consumption out of the
working hours for the three floors of the building, the main criterion and process variables for the alarm degree of
the detected fault have been defined. The main criterion is: “IF a fault in fan coil electric consumption occurs AND
people presence in the floor is low AND NOT in working hours THEN the diagnostics index is high”. In order to

avoid fake faults, anomaly has to be detected by S-function, Mzscore and DBSCAN simultaneously.

In terms of fuzzy sets the diagnostic index can be translated in one of the two ways:

Cl = min( 81, 1-S2)

C2 = w*SI + ( 1-w )*S2

®)

®



418 F. Lauro et al. / Energy Procedia 62 (2014) 411 — 420

where w is a real number in [0,1] (in the experimentation w = 0.7), SI and S2 are the situations:

S1 = “afault in fan coil electric consumption occurs"
S§2 = “NOT in working hours AND people presence in the floor”

which are defined as (see Table 3):

SI1=FI AND F2 AND F3

S§2 = NOT F4 AND F5

Table 3. Fuzzy sets, linguistic values, membership functions and parameters.

Fuzzy set Linguistic Merpbershlp Parameters
value function Pgi(Xs)
Fl1 “S function of Sigmoid ¢=0.05; t=0.01
peak detection
is high”
F2 “Mzscore of Sigmoid c=2; t=1
peak detection
is high”
F3 “Dbscan value Sigmoid c=1.5;t=0.5
is high”
F4 “working Gaussian m=12; s=4
hours”
F5 “people y=x/p p=18
presence”

where p is the floor maximum presence (in particular p=18 for the second floor of the building) and:

1

1+eT

Sigmoid =

Gaussian = exp (- ()c—m)z/Zs2 )

In Table 4, the fault detection and diagnosis results on the testing day are reported.

Table 4. Fault Diagnosis results on the testing day.

Time Power People F1 F2 F3 F4 F5 S1 S2 C1 Cc2
(kW) Presence
22/12/2013 0.10 0 0.99 0.65 052 080 0.00 0.65 0.00  0.52 0.36
19:10
23/12/2013 0.12 0 1.00 0.79 072 097 0.00 079 0.00 0.72 0.50
01:30
23/12/2013 0.17 10 1.00 095 096 047 056 095 047 053 0.81
07:30
23/12/2013 0.22 2 1.00 099 099 0.14 0.11 099 0.11 0.89 0.73
14:10
23/12/2013 0.21 2 1.00 0.99 099 0.15 0.11 099 0.11 0.89 0.72
14:20

(10)

(1)

(12)

(13)

From Table 4 it can be observed that definition C1 (eq. 8) performs much better than C2 (eq. 9) because it
provides higher alarm values (0.89) in the situations where power was too high with respect to the hour of the day
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and the people presence percentage. In Fig. 5 the FDD index behaviour C1 (the red smooth line) with respect to the
normalized power consumption and the normalized people presence, over the testing day, is reported.
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Fig. 5. FDD index behaviour with respect to the normalized power consumption and to the normalized people presence

6. Conclusions

In this paper a hybrid statistical, clustering and rule-based approach in order to diagnostic abnormal electric
consumptions of fan coils caused by improper use by the employees is presented. The use of fuzzy rules allows
exploitation of a-priori knowledge about the diagnosis going to be analyzed and enable to model easily input
variables and to combine them together. Furthermore, aggregation of multiple fault detection techniques allowed a
robust analysis, reducing fake faults risks. In the experimentation, two relationship rules for evaluation of the cause
taken into account were compared. In the present work people presence data, time and electric power were
considered. In a future work also meteorological data and thermal energy consumption related to fan coils will be
taken into account.
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