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Abstract: Following the recent European directives highlighting the need to increase energy efficiency
in the European Union, this work aims to show the possibility of using Non-Intrusive Load Monitoring
(NILM) techniques to improve energy audits by estimating the compressed air leakage from a dataset
of a tertiary building. The first step towards the reduction of energy consumption is performing an
energy audit, in which a detailed analysis of the energy performance is executed. This analysis usually
uses on-site measured data by the auditors. However, the time available for these measurements is
limited and may not include some modes of operation. One example of that is the quantification of
compressed air leaks. This task can be performed by estimating the flow rate during a no compressed
air consumption period. However, these periods may not coincide with the auditors’ original schedule.
This problem could be addressed by using historical data. Nevertheless, historical data from energy
management systems usually are only available for global consumption, and rarely for individual
appliances. In this context, a NILM approach would be helpful to enhance energy audits carrying
analysis of modes of operation not included in the on-site measurements. In this paper, the leaks
are firstly quantified using measurements mostly for benchmarking purposes. The results suggested
62% of leaks in the study case. In a second step, the Factorial Hidden Markov Model (FHMM) was
applied to the data. Five typical working days, simulating the context of an energy audit, were used as
training data, while one week during vacation time, with no compressed air consumption, was used to
quantify the leaks. The results show that it was possible, in the context of an energy audit, to estimate
the compressed air leakage using NILM techniques in this dataset with less than a 1% difference when
compared to the estimation made with actual measurement. Finally, savings estimations considering
the elimination of the leaks were performed, varying between 10% and 100% of the leakage repair.
Considering the ideal scenario of complete leaks elimination, the savings would represent around 44%
in the compressed air system and 4.75% of the current annual global consumption.

Keywords: energy audit; compressed air leakage; NILM; power consumption; tertiary buildings

1. Introduction

The European Directive 2012/27/EU [1] emphasized the need to increase energy effi-
ciency in the European Union in order to reach the target of saving 20% of primary energy
consumption compared to the 2020 projections. At the same time, the European Council
recognized that the exploitation of the considerable potential for increased energy savings
in buildings, transport, products and production processes is vital to the achievement of
this goal. While the targets set by the 2012 directive were not met in some countries, the
European Council has decided to postpone the reduction targets to the year 2030, by the
publication of the Directive 2018/2002/EU [2] while increasing the target value. These
reduction targets have increased from 20% in 2020 to 32.5% in 2030. In this context, France
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is one of the countries where the target is farthest from being reached. For example, in
2019, primary energy consumption was still 7% above the forecast for that year, while in
Germany the consumption was 2.2% above the target. In addition, in countries like Italy
and Portugal, the target was reached in 2019.

Within the challenges of energy transition and the reduction of consumption, the
building sector plays a key role. The energy consumed in buildings accounts for a sig-
nificant share of global energy consumption. In France, according to Bilan RTE 2018 [3],
approximately 67.8% of electricity is consumed in buildings, both residential and tertiary.

A first step towards the reduction of energy consumption is the realization of an
energy audit. This audit is a detailed inventory of the energy performance of the systems
in a residential, tertiary or even industrial environment. An audit makes it possible to
become aware of the quality of the energy installations and the daily behaviors and must
provide personalized and quantified advice to consume energy in a more rational way.
The European Directive 2012/27/EU, effective in France since 2013, already mandates all
sectors of companies to perform an energy audit every four years [1].

In addition, the French ELAN law (Evolution du Logement, de l’Aménagement et
du Numérique 2018) [4], imposes, beyond the regulatory audits, reductions in energy con-
sumption of the French tertiary sector. Furthermore, the tertiary decree of 2019 [5], specifies
the application of the ELAN law to the objectives of reducing the energy consumption of
French tertiary buildings, compared to 2010.

A successful energy audit seeks first to identify the major energy consumers, where
the highest energy savings potentials lie. In this context, compressed air systems play a
key role. These systems are usually among the major energy consumers in a facility. For
example, in 2001, compressed air production accounted for 10% of the total electricity
consumption of the industrial sector in the European Union [6]. Due to that, even a
relatively small saving in a compressed air system may represent a high reduction in
consumption. Among the several energy efficiency measures that can be taken to reduce
the consumption of compressed air systems, the reduction of the leaks is, most likely, the
one with the highest impact [6]. The repair of the leaks ultimately can contribute to the
reduction of the operating time, increasing the life span of the equipment, and reducing the
modulation of a fixed-speed air compressor, among other things [7].

There are several techniques to detect and quantify the leakage in compressed air
systems. Among them is the use of ultrasonic detectors [8,9] and infrared cameras [7,8]. Al-
though these methods are the industry standard to locate the leaks, they are impractical [10]
for the leakage quantification, particularly in the context of an energy audit. Therefore,
an alternative to quantifying the compressed air leakage in a facility is to monitor the
flow rate during a period of no compressed air consumption, such as holidays, vacations
or weekends [11]. Nevertheless, most facilities do not have flow rate meters built in the
pipeline that allows monitoring during these periods.

One alternative to come around this issue is to estimate the compressed air flow
rate from the air compressor’s input power. However, this would demand the auditors’
presence on-site during a period of no compressed air consumption, which may not be
included in their schedule. The lack of measurements during a period like that would
make it impossible to quantify the compressed air leaks. Furthermore, air compressors are
unlikely to be monitored individually, in a way that would be improbable to use historical
logged data from this equipment to estimate the compressed air leakage. Nevertheless,
historical logged data of global consumption is often available. Thus, if one could extract
the air compressor’s input power from historical data on global consumption the estimation
of the compressed air leakage would be facilitated. That extraction could be performed
using NILM (Non-Intrusive Load Monitoring) [12] techniques, for example. Usually, the
application of supervised techniques, such as the one used in this work, needs as much
information as possible, such as the power associated with each state, and the frequency
of the change between the states, among others, in the training phase. Therefore, one
would think that to retrieve the load curve of an air compressor during a no compressed
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air consumption period from the global consumption, a period like that should be included
in the training data. However, if data during periods like that were available to auditors, it
could be used directly to estimate the leaks.

Therefore, this work aims to estimate the compressed air leakage in a tertiary building
environment, by the application of NILM techniques, especially the Factorial Hidden
Markov Model (FHMM) [13], to retrieve the air compressor’s input power from the global
consumption data to further estimation of the compressed air leakage in that facility. It uses
only five working days of normal operation data for training, which does not include any
no compressed air consumption period. The results obtained show that using data just from
a normal operation period as training data, it was possible to satisfactorily disaggregate
the air compressor power during another operating mode, such as during a no compressed
air consumption period, and thus estimate the compressed air leakage. The use of NILM
in this context can enhance an energy audit, allowing analysis that was impossible before,
due to schedule, for example, and reduce its costs, preventing further on-site visits by
the auditors.

The method presented in this work can come as an extension of the current industrial
practices. Nowadays, auditors use ultrasonic detectors of infrared images to detect and
locate leaks, but the quantification through these techniques is not trivial. On the other
hand, the quantification of the leaks using the input power of the air compressors does not
allow for the location of the leaks for the repair, only providing an idea of the number of
leaks and the potential savings with the repair. Hence, the combination of the two methods
comes as a complete solution to the quantification and detection of the compressed air
leakage in a facility.

This article is divided into four main sections. In the first one, the introduction
and motivation were presented. Section 2 presents the methodology applied. It gathers
introductions to energy audits (Section 2.1), methods to detect and quantify leaks in
compressed air systems are discussed (Section 2.2), and the NILM technique used in
this work, the Factorial Hidden Markov Model (FHMM) [13] (Section 2.3). Section 2.4
presents the link between energy audits, quantification of compressed air leaks, and NILM
techniques. Section 3 presents a study case, quantifying the leaks in the compressed air
system of a tertiary building located in the French Alps region. Firstly, the leakage is
estimated directly by electric input measurements during a no compressed air consumption
period. Then, the FHMM technique is applied to the data. The results show that it was
possible, based on an energy audit, to estimate the compressed air leakage in this dataset.
After that, energy savings reached with the repair of the leaks are estimated, to demonstrate
how impactful this energy efficiency measure can be.

2. Methodology

This section presents the methodology applied to quantify the compressed air leakage
used in this work. It is divided in three subsections. The first subsection presents how
an energy audit usually unfolds. Afterwards, the state-of-art of compressed air leaks
detection and which one of the several existent techniques is presented. Then, the NILM
technique used in this work, the FHMM, is briefly introduced. Finally, the link between the
energy audits, the quantification of compressed air leakage and the use of NILM methods
is presented.

2.1. Energy Audits

Energy audits are one way to obtain accurate and objective assessments of how to
achieve savings. An energy audit is a process by which a building is inspected and
analyzed by an experienced technician to determine how energy is used in it, with the goal
of identifying opportunities for reducing the amount needed to operate the building while
maintaining comfort levels [14].

There are several types of energy audits, classified by the level of complexity and detail
of the analysis performed. The first and less complex type of energy audit is the Bench-
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marking Audit. It performs a detailed preliminary analysis of the energy consumption and
its cost, relying on utility bills, determining benchmark indices, like the ratio between the
energy consumption and the surface area in a determined period, usually a year [14].

The second type is the Walk-through Audit. It consists of a quick tour of the facility to
visually inspect the target systems. This may include the analysis of energy consumption
patterns and provide comparisons to average benchmarks for similar facilities. When the
inspection of the target systems shows promising savings potential, this audit can lead to a
more complex audit later [14].

The Standard Audit seeks to quantify energy consumption and losses by performing
a detailed analysis of the performances of several energy systems. This analysis usually
includes on-site measurements, historical data collection, and testing to determine the
efficiency of the analyzed systems. Specific energy engineering calculations are applied to
determine efficiencies and calculate energy and financial savings based on improvements
and changes to each system. As the name suggests and because of its cost-benefit, it
is the most common type of energy audit performed. However, when historical data
is not available, and the audit relies on on-site measurements, a photo of the operating
conditions and the extrapolation for other operating points of the systems may be laborious
to obtain [14].

To address this problem, there is a more complex type of energy audit. It relies on
computer simulations to predict the consumption that was not contemplated in the on-
site measurements phase. The goal is to build a base for a more consistent comparison
with the actual energy consumption of the analyzed facility. This baseline is then used
to compare the performances achieved with improvements and changes tested in the
simulation environment. Due to the time involved in collecting data and setting up an
accurate simulation model, this is the most expensive level of energy audit [14].

As the Standard Energy Audit is the most common type, the work developed in
this paper has been based on it. This procedure can be divided into three phases. The
first phase concerns the collection of all necessary data for the efficiency analysis of the
evaluated systems. Visual inspections, technical data from catalogs, historical data from the
supervisory system, when available, and field measurements are examples of the collected
data. This fieldwork consists of taking measurements of various quantities (electrical,
thermal, luminous, physical, etc.) necessary to determine the efficiency of the evaluated
systems. These measurements should be made following standard technical procedures for
each type of system evaluated, using reliable meters adapted to each type of installation
and system.

One way to perform this data collection is by incorporating the team into the environ-
ment to be evaluated. In this manner, the team can experience the daily operation of the
facility. However, besides the fact that the auditors’ time to perform this task is limited,
usually a few days or weeks, the ideal is that their activities have as little impact as possible
on the normal operation of the systems being evaluated. Due to this, some operating modes
of certain equipment may not be measured during the auditors’ data collection period.

The second phase consists of analyzing the collected data and determining the con-
sumption and efficiency of the evaluated systems. To perform this task, the data collected in
the preceding phase is applied to procedures specific to each system. In this stage, possible
opportunities to promote energy sobriety can also be identified.

The last phase consists of proposing improvements for the reduction of energy con-
sumption, or even the replacement of specific equipment with a more efficient or cheaper
one. Replacement by more efficient equipment, changes in operating procedures, or the
installation of new components that promote more rational energy are among the most
common solutions. All this information is then made available to the customer in the
form of a report, in such a way that he can appreciate the alternatives presented and
choose whether to make these improvements. Figure 1 illustrates the flowchart process of a
standard energy audit.
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Usually, large energy consuming systems are the main targets of an energy audit,
because even a small absolute reduction in the consumption of these systems can represent
large absolute savings. In buildings, lighting systems, HVAC (Heating Ventilation and
Air Conditioning), and the envelope are usually emphasized. In industrial environments,
besides those mentioned for buildings, analyses in water pumping systems, motors, boilers,
and compressed air systems are common.
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2.2. Estimating Compressed Leakage

As stated in Section 1, compressed air systems are usually among the major energy
consumers in a facility in which these systems are present, whether in a building or an
industrial environment. Substitution of a modulating air compressor to a variable speed
one, the recovery of the wasted heat, and the quantification and repair of leaks are among
the most common and effective solutions to improve efficiency and achieve savings in a
compressed air system [6].

Among the energy efficiency measures cited earlier, the repair of compressed air leaks
is probably the most impactful energy efficiency measure, applicable to almost all systems.
However, the awareness of the importance of a regular leak detection program is usually
low, in part because air leaks are invisible, and generally cause no damage [6]. Due to the
similar physical characteristics to other gases, the compressed air leakage quantification
and detection can be dealt with in an analogous way to other gases. Several methods have
been developed to detect and quantify fluid leaks in pipelines. They can be classified into
biological, hardware, and software techniques [15].

The biological ones rely on empirical methods using sensorial perceptions, such as the
hearing, smell, and sight of specially trained staff. The hardware techniques use numerous
equipment to enhance the sensorial perception of the staff. In the case of compressed air
systems, the most used are ultrasound [8,9] devices and infrared cameras [7]. Although it
is considered the industry standard and best practice, ultrasonic leak detection is limited to
the application in short distances [10] and requires highly trained operators. Moreover, due
to the compressed air expansion process in the location of the leak, a temperature gradient
is created, making it possible to observe it from infrared images. However, these techniques
also require the measurement of the openings through which the compressed air escapes
from the pipeline to quantify the leaks and thus the potential savings from their repair.
The measurement of those openings may be impractical for the auditors. Software-based
methods use flow, pressure, temperature, and other data to estimate the leaks. These
methods are usually based on the analysis, performed by an automatic algorithm, of both
pressure and flow rate data, when available [16,17].

An alternative to quantify the compressed air leakage is to estimate the air compressors
flow rate during a no compressed air consumption period. Depending on the facility, a
period like that could be weekends, vacations or holidays [11]. During these periods, all the
compressed air end use equipment should be turned off. In this scenario all the compressed
air is directed to feed only the leaks. This estimation may be done by measuring the input
power of the air compressor and correlating it to its flow rate.

This estimation may be done by measuring the input power of the air compressor
and correlating it to its Free Air Delivery. There are tables (fixed-speed), and curves
(variable-speed) provided by the manufacturers make this correlation possible. When
this information is not available, it is possible to measure the flow rate by measuring
the air velocity at various points on the intake pipe cross-section and integrate these
measurements in the pipe cross-section area, with an anemometer, for example. For the
variable-speed compressor, numerous measurements should be done at several operating
points, to determine a correlation curve between power and flow rate. The flow rate
estimated by correlating the input power of the air compressors, and their free air delivery
also enables the determination of the load curve of compressed air in a facility, in the
absence of a flow meter.

The most common type of air compressor, used in most installations is the rotary
screw fixed-speed air compressor. This type of equipment operates at full capacity, the
load state, delivering rated flow, until the pressure set point is reached [18]. At this point,
the compressor unloads, operating at minimum power, only to maintain internal pressure,
delivering no air to the system. Due to this behavior, this type of compressor is also called
modulating compressor. These two states, the load and the unload one, typically have very
distinguishable input power associated in a way that is not difficult to identify them.
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Therefore, to estimate the flow of a rotary screw fixed-speed air compressor it is
enough to identify its load state well and correlate it with the compressor’s flow rate
capacity, either measured, or obtained from manufacturer tables. For the unload state, zero
flow is assigned. Hence, the average flow of a rotary screw fixed-speed air compressor
depends directly on how long the equipment remains in its load state. An example of a
performance table of a rotary-screw fixed speed air compressor operating at rated pressure
provided by the manufacturer is presented in Table 1.

Table 1. Example of a manufacturer performance table of a fixed-speed air compressor. Based on
BelAir datasheet [19].

Model GS30B10

Manufacturer BelAir
Rated Capacity at Full Load Operating Pressure [m3/h] 294

Full Load Operating Pressure [bar] 8
Drive Motor Nominal Rating [hp] 40

Total Package Input Power at Zero Flow [kW] -
Total Package Input Power at Rated Capacity and Full

Load Operating Pressure [kW] 33.8

As mentioned earlier, one way to quantify compressed air leaks is to estimate the air
compressor’s flow rate during a period of no compressed air consumption. However, this
technique implies that the auditors must be on-site during a no compressed air consump-
tion period for the monitoring of the air compressors. In an industrial environment, for
instance, a no compressed air consumption period is rare, and it may not coincide with
the energy audit planning. An alternative route around this problem would be collecting
logged data from the compressed air system. However, it is unlikely that the input power
of the air compressor, or even the flow rate, is monitored individually. Although it is
improbable to have the air compressor’s data logged individually, logged data from the
global consumption is often available.

As the correlation between the input power and the flow rate of an air compressor is
an intrinsic characteristic of the equipment, it remains the same regardless of the system’s
operation mode. Thus, if one could extract the air compressor’s input power from the global
consumption, the leakage estimation could be performed even without the presence of the
auditors on-site during a no compressed air consumption period. This would enhance the
quality of the analysis performed during the energy audit with a smaller cost where the
other options for this analysis are impractical.

The load curve extraction of equipment from the global consumption can be done
using NILM (Non-Intrusive Load Monitoring) techniques [12] under certain circumstances.
Thus, this work aims at investigating the possibility of using NILM methods to estimate
the compressed air leakage in a tertiary building environment and to calculate the potential
savings with the leaks repair in the context of an energy audit.

NILM techniques have already been used to detect leaks in compressed air systems.
In his master thesis [20], Piber used a stationary device to measure the global consumption
of a warship. With embedded NILM algorithms, this device was also capable of extracting
the consumption of some loads, such as the vacuum-assisted sewage collection system,
low pressure compressed air system. Analyzing the operating schedule, he was able to
detect the presence of leaks in the compressed air system. However, he did not mention
the sampling rate nor the training period used to train the NILM algorithms. In addition,
as a stationary device was installed, a permanent change in the facility must be made. So, it
is important to highlight that the proposed technique is non-intrusive and does not imply
any permanent changes in the system, such as installing flow meters in the pipeline, or
stationary power meters.
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In summarizing, the idea is to use input power measurements that can be retrieved
using portable power analyzers, for instance, to train the algorithm, and logged data from
the global consumption to extract the air compressor’s power consumption.

The NILM technique to enhance energy audits was already discussed by Berges et al. [21],
but it was limited to application in a residential environment. So, to this date, the authors
have not found other methods that relate to the quantification of compressed air leaks
through the application of NILM techniques to enhance energy audits in tertiary buildings
or in an industrial environment in the literature.

2.3. NILM Techniques

As already mentioned before, in the context of an energy audit, the measurement
campaign on-site lasts, usually, a few days or weeks. This phase may not include a no
compressed air consumption period, in which the air compressors would operate only to
feed the leaks present in the grid. In addition, air compressors are not always monitored
individually by a supervisory system, which would make it possible to use historical
operating data to estimate the energy consumption, and, consequently, the air leakage
during this period. However, it is common to have historical data of the global load curve
of the facility, or even of some transformers in substations internal to the facility. In this
way, the use of NILM techniques could come as an aid for estimating leakage from this
available historical data.

The initial NILM approach was proposed by Hart in the early 1990s in his work
entitled “Nonintrusive appliance load monitoring” [12], regarding the residential sector
especially. In earlier works, the disaggregation problem was addressed mainly in the
residential environment. In these cases, there are fewer appliances and the switch between
the on and off states is rare and the power of the equipment in each state is, normally,
constant. Therefore, in the disaggregation context, to estimate the consumption profile of
an appliance, it is sufficient to know when every piece of equipment works in each state
of operation. In his incipient work, Hart [12] proposed a method, nowadays called the
Combinatorial Optimization, which consists of finding the combination of the consumption
of all appliances in a given instant that minimizes the difference between this combination
and the overall ground truth consumption. This method was idealized considering that
the appliances operate with finite states, with constant consumption in each one of them.
Another commonly applied algorithm is the Factorial Hidden Markov Model [13], which is
used in this work.

Several other algorithms try to address the NILM problem, based on different tech-
niques. Some of them are based on Artificial Neural Networks, using recurrent net-
works [22,23] or convolutional ones [24] or even incorporating the Fourier transform
into neural networks to perform the energy disaggregation task [25]. These algorithms
have the limitation of performing the energy disaggregation task either with the delay
of a few minutes or only for past events. Due to that, the real-time application of NILM
models is a recent direction taken by several researchers. For example, Athanasiadis
et al. [26] developed a framework combining an event detector, to detect the moment
when an appliance changes its state, a convolutional neural network classifier, determining
if this state change was caused by a target appliance and a power estimation algorithm
to calculate the appliance power and consequently its energy consumption. Later on, a
similar framework can be embedded into simple microprocessors to perform on-site energy
disaggregation [27].

Although the real-time application is promising, even in the context of an energy audit,
a period of no compressed air consumption is needed to quantify leaks. If a period like that
is too far in the future, it could delay the deadline of the energy audit report. That is the
reason why it was decided to use logged data and the FHMM to perform the estimation.

The Factorial Hidden Markov Model is based on Markov chains. A Markov chain is
a stochastic process with discrete or continuous state space that presents the Markovian
property. This property states that in regular and discrete time intervals, this stochastic pro-
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cess evolves from one state to another depending only on its last condition, independently
of the others.

The Hidden Markov model comes as an extension of the Markov chain. This model
includes the case in which the observation is a probability function of the state, i.e., the
resulting model is a double-layer stochastic process, in which one stochastic process is
underlying and unobservable (hidden) that can only be observed by the other stochastic
process that produces the sequences of observations. Due to its flexibility and the sim-
plicity and efficiency of its parameter estimation algorithm, the hidden Markov model
(HMM) has emerged as one of the basic statistical tools for modeling discrete time series,
finding widespread application in the areas of speech recognition [28] and computational
molecular [29].

The disaggregation problem tackled by the FHMM in this work is to infer:

•

Q(1) =
{

q(1)1 , q(1)2 , · · · , q(1)T

}
Q(2) =

{
q(2)1 , q(2)2 , · · · , q(2)T

}
...

Q(M) =
{

q(M)
1 , q(M)

2 , · · · , q(M)
T

} as the power load of each of the M appliances,

• Such that yt = ∑M
i=1 qt,

• Given Y = {y1, y2, · · · , yT} as the aggregated power for T time periods [30] as the
sequence of observations.

An HMM is essentially a mixture model, encoding information about the history of
a time series in the value of a single multinomial variable—the hidden state—which can
take on one of K discrete values. The system is characterized by this internal discrete state
variable, which evolves as a Markov chain between time points. Formally, an HMM can be
defined by:

• The finite set of hidden states S = {S1, S2, · · · , SK},
• The matrix representing the probability of transitioning from one state to another

A =
{

aij, 1 ≤ i, j ≤ N
}

, being aij = P
(
qt+1 = Sj

∣∣qt = Si
)

with aij ≥ 0 and ∑M
j=1 aij = 1,

• The initial state probability distribution π = {πi}, being πi = P(q1 = Si)

An extension of the HMM is the Factorial Hidden Markov Model (FHMM) [13].
The FHMM extends the HMM by representing the hidden state in a factored form, as
q =

{
q(1), q(2), · · · , q(M)

}
represents the set of underlying state sequences, where

q(i) =
{

q(i)1 , q(i)2 , · · · , q(i)T

}
. This way, the information from the past is propagated in

a distributed manner through a set of parallel Markov chains. The parallel chains can be
viewed as latent features, which evolve over time, according to Markov dynamics. Then, an
optimization approach minimizing the difference between the observable variable (global
power) and a combination of the hidden states is applied; the complete formulation was
developed by Kolter and Jaakkola and it is available in [13].

The FHMM applied to solve the NILM problem has been proven to have a good effect
on the disaggregation of residential load with a low sampling rate such as 1/60 Hz. It does
not directly output the observations of each hidden Markov chain, but outputs the sum of
the observations. For the NILM problem, the total active power or reactive power is the
observation sequence and the state and power consumption of each piece of equipment
is unknown, but the power associated with each state is known. Therefore, each piece
of equipment can be described as an HMM, and the working state of the appliance is a
Markov chain. The total power is the sum of the power of each appliance, hence, it can
be described as an FHMM composed of multiple HMMs, and the observation sequence
of the FHMM is the power consumption. In other words, the FHMM tries to predict the
combination of active appliances’ energy usage that contributes to global consumption.
Figure 2 illustrates how the FHMM is used in the NILM context.
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The FHMM was elected to be used in this work because of its simple implementation,
fast calculating time, and good performance when dealing with simple and moderate
complex loads, such as a rotary screw air compressor addressed in this work. However, the
FHMM is not the most suitable algorithm to tackle the NILM task in the presence of more
complex loads, such as multi state appliances, or continuously variable loads [32].

2.4. Estimating Compressed Air Leakage in the Context of an Energy Audit

As already stated in previous sections, compressed air systems are usually among the
major energy consumers in a facility, and because of the capillarity of their grid, several
leaks may appear because of worn out piping and connections. In poorly maintained
systems, the leakage can rise to more than half of the total compressed air generated by the
air compressors, representing a great opportunity for energy efficiency measures.

In the absence of monitoring by some management system, which is the typical
condition in a facility, the compressed air flow rate can be estimated from the measurement
of the air compressor power, and the later determination of its load curve, by the application
of the procedure presented in Section 2.2. This estimation, if performed in a period with no
compressed air consumption (weekends, vacations, holidays . . . ), represents the leakage
present in the grid. If the amount of the leakage is known, the estimation of the savings
achieved with the repair of the leaks is feasible. Thus, with input power data, during both
normal operation and no compressed air consumption periods, along with the datasheets of
the equipment, it is possible to estimate the potential saving by repairing the leaks present
in the compressed air system.

However, during a standard energy audit, the auditors normally have only a few
days, or a week, to find potential savings and to collect the data needed to perform
the calculations, and no compressed air consumption periods may not be included in
the auditors’ schedule. Besides that, monitoring and logging data from air compressors
individually is unusual. Thus, without the data from a period like that, it would be
impossible to satisfactorily estimate the number of compressed air leaks in the grid.
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Even if it is unusual to log individual data from air compressors, the load curve of the
global consumption is often available. Hence, one way to go around this limitation is to
extract, through the application of NILM techniques, air compressor’s load curves from the
global consumption.

Figure 3 presents the procedure to estimate compressed air leakage and energy savings
with its repair. It shows that would be possible to use the NILM output as power data input
during a no compressed air consumption period.
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3. Results and Discussions

This section presents a study case of the quantification of compressed air leakage in a
tertiary building environment. Firstly, the leaks are quantified by applying the procedure
presented in Figure 3, using BMS data available for benchmarking. In a second moment,
the FHMM NILM technique is applied to the global consumption of the building, and its
output is used to also quantify the leaks. Finally, an analysis of the potential savings with
the repair of the leaks is presented.
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3.1. Study Case—Estimating Compressed Air Leakage in a Tertiary Building Environment

In order to perform an estimation of compressed air leakage in a facility using NILM
techniques, consumption data from a rotary-screw fixed-speed air compressor were ex-
tracted from a dataset of a tertiary building located in the French Alps region that is
available for downloading in open source at the open science platform Mendeley Data [33].
The data come in CSV (comma-separated values) files that contain the timestamp and
the cumulative electricity consumption with 10 min sampling. The dataset also has files
with data on the external temperature, which has an influence on the building’s energy
consumption because of the nature of the cooling loads. The computational code was
developed in Jupyter Notebooks, an environment in python that combines code, text, and
images. It is also available in open source [34]. The original data, especially the global
consumption, contain some data quality problems, such as the presence of outliers. These
anomalous values were identified using the forecast error method [35] and corrected.

The building from which the data were extracted is called GreEn-ER. This building is in
the Polygone Scientifique, at the Presqu’île of Grenoble, in France. It gathers the Grenoble-
INP engineering school Ense3, the G2Elab laboratory, training, and research platforms.
The building has more than 22,000 m2 of floor space, which is divided into six floors and
a roof. There are about 1500 students and hundreds of professors, researchers, and staff
using it. There are more than 1500 m, including more than 300 electricity consumption
ones. The other meters concern internal and external conditions, thermic energy data, etc.
The measured data are used to control the internal conditions, regarding the comfort of the
occupants and to monitor the consumption [36,37].

In order to simulate the context of an energy audit, the period used as training data cor-
responds to five working days during a normal operation period. A week during vacation
time, when there was no use of compressed air, is used to estimate the leaks, corresponding
to the test period. The data are sampled at 10-min intervals. The following sections present
the estimation of the compressed air leaks using measurement data, for benchmarking the
proposed technique, and by the application of the FHMM NILM technique.

3.1.1. Leakage Estimation from Measurements

To estimate compressed air leakage, the procedure presented in Figure 3 was applied
using the BMS data available. The scheme of the compressed air production in the building
is illustrated in Figure 4. In this figure, it is possible to observe, that there are two air
compressors, of which one normally operates while the other is kept as a system backup.
Its data sheet was presented in Table 1. The energy consumption raw data corresponds
to cumulative energy sampled at 10-min intervals. However, in order to estimate the
compressed air flow rate, the cumulative energy data needs to be transformed into power.
This can be done by subtracting subsequent samples. The results of the transformation of
cumulative energy consumption of the air compressor in both training and test periods,
into power, are presented in Figure 5. In this figure, it is possible to identify two main states.
The state with associated power of 18 kW was considered the load one while the unload
state was associated with the 12 kW value.

In the case of the air compressor installed in the GreEn-ER building, the actual power
associated with the load and unload states are different from the values retrieved from
Figure 5. Actually, from direct power measurements, the power associated with both load
and unload states are 36 kW and 6 kW, respectively, which slightly differs from the value
presented in Table 1, probably considering also the dryer power. The difference between
the power values associated with each state, and the values directly measured indicates that
the air compressor changes its operating states at a greater rate than the sampling interval
used. When transforming the energy consumed in the sampling interval into power, an
average value is retrieved. However, when this average value does not match the powers
associated with the load and unload states (36 kW and 6 kW, respectively), the estimation of
the flow rate is affected, since it relies on how long the air compressor remains in each state.
Due to that, during the periods in which the air compressor remains in the 18 kW state the
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flow rate is overestimated and it is underestimated during the 12 kW condition. Due to
that, the up sampling to 1-min sampling rate was performed, considering the actual power
values (36 kW and 6 kW) associated with each operating state. The choice to resample
the data to the 1-min interval was based on how a modulating compressor works, since
it is unusual for this type of compressor to switch between the load and unload states at
a sub-minute resolution. Furthermore, as the up sampling was performed considering
the actual power values associated with each state, and the most important feature to
estimate the compressed air flow rate is how long the appliance remains in its load state,
higher resolutions, such as 1-s time step, or even sub-second resolution, would not improve
the estimations.
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In order to up sample the air compressor data keeping the original average power
value, it is necessary to determine how much time the compressor operates in each state.
For each 10 min period that the compressor presents 18 kW of average power, it has
operated for 4 min in load condition (36 kW) and 6 min in unload condition (6 kW). For
each 10 min period in which the air compressor power was 12 kW, the asset has operated
for 2 min in load conditions and 8 min in unload state. The load and unload operating
conditions during the 10 min period were distributed in a random way. Figure 6 shows
the air compressor power data, up sampled into 1 minute intervals, during the training
and test periods, as well the two-hour moving average for better visualization. At the same
time, Figure 7 presents a zoom in of those figures to better visualize the different operation
patterns of the air compressor during these two periods.
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The up sampling of the data modifies the duration of the period in which the air
compressor remains in load state. Consequently, the flow rate estimation drastically
changes. With the 10-min sampling interval, most of the time during the training phase
the air compressor remained in the load state. However, with the up sampling to 1-min
intervals, one sample that was in load state in the 10 min sampling, belongs only 40% of the
time now in this condition. So, it is expected that the flow rate estimation decreases. This is
confirmed by the values presented in Table 2. This table shows the number of samples in
which each of the operating states of the air compressor was identified. In addition, using
the procedure presented in Section 2.2 the flow rate load curve was then estimated. The
same table exposes the average power and estimated flow rate for the normal operation
and no compressed air consumption periods for both sampling intervals.

Table 2. Average air compressor power and flow rate during the different operation periods.

Sampling Interval Evaluated Period
Number of Samples Average Value

Load Unload Power [kW] Flow Rate [m3/h]

10 min
Training Period 846 163 17.03 246.51

Test Period 140 869 12.83 40.79

1 min
Training Period 3706 6375 17.03 108.08

Test Period 2296 7785 12.83 66.97

The flow rate estimation presented in Table 2 for 1 min sampling interval matches
better to the air compressor characteristics when compared to the estimation for 10 min
sampling intervals. With 1 min sampling intervals, the average power represents around
52% of the rated power, while the flow rate estimation represents 36.8% of its rated value. At
the same time, the same average power represents around 84% of the rated flow rate for the
10 min sampling data, which is incoherent. Assuming that the 1 min sampling estimation is
more accurate, the compressed air leakage represents 62% of the average flow rate during
a normal operation period. However, 62% represents a high value of leakage, even in
poorly maintained environments, and may suggest other problems, such as irrational usage
of compressed air, non-optimal control, usage, etc. Nevertheless, even if this estimation
represents more than the leaks, it lends itself to a more detailed investigation.

3.1.2. Leakage Estimation from NILM Techniques

The leakage estimation presented in the previous section was done thanks to the avail-
ability of power consumption data in a no compressed air consumption period. However,
that is not the typical case in the context of an energy audit. Usually, only the historical data
of the global consumption is available, and the auditors have only a few days or weeks
of data from the air compressors that were measured by themselves. In addition, it is un-
usual that the on-site measurement period contains a no compressed air consumption one.
Therefore, the use of NILM techniques to retrieve the air compressor’s power from global
consumption would allow the quantification of compressed air leaks in such circumstances.

To address this task, the FHMM NILM algorithm was applied with the help of the
NILMTK [38,39], an environment in Python developed to enable the comparison between
several state-of-art approaches. Hidden Markov models can be used in the NILM context
as both supervised (using labeled data to train the algorithm) and unsupervised learning
approaches, based on the requirements [13]. In this work, the supervised approach is
employed. So, in this approach, FHMM takes some period for the training of the model, to
identify power values associated with each state of operation of the target appliances.

In NILM applications, it is typical to select a long period to train the algorithms and
create the model, and use a few days as a testing period. For example, in a residential
environment study, Batra et al [40] selected two months’ worth of data to train the algorithm
while the selected testing period was 10 days. In this paper, the training period of five
working days was selected to match the typical time interval that the auditors remain
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on-site for measurements in order to simulate an energy audit. A week, during a no
compressed air consumption period, was selected for testing the model.

Some major consumers were selected in order to create a sub dataset regarding these
loads; the global consumption and the air compressor. This sub dataset is used in the NILM
task. Five major consumers were selected, and they are named as follows:

• Crous—The Crous load belongs to the University Restaurant, where some typical
loads are connected, such as dishwashers, dryers, furnaces, heaters, etc.

• ASI—The ASI load represents loads connected to the datacenter, such as computers,
uninterruptible power supply, etc.

• TD-GF—The TD-GF represents chillers that are responsible for the air conditioning
during the summer;

• AHU—The load called AHU represents a set of 16 Air Handling Units present in
the building;

• Ghost—This load is inserted as noise, and it corresponds to the difference between the
main load and the sum of the other loads.

As the sampling interval of the dataset was originally 10-min, all these loads were up
sampled to 1 min sampling intervals using forward fill, to match the sampling interval of
the air compressor. Figures 8–10 illustrate the load curves of the loads described above and
the global consumption, during the period used for the training and the period used to
estimate the leaks. Table 3 presents the average power of these loads during both periods.
The air compressor load curves were already shown in Section 3.1.1.
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Table 3. Average power of the loads.

Load
Average Power [kW]

Training Period Test Period

Main 143.67 139.98
Crous 20.99 21.07
AHU 27.00 32.77

TD-GF 5.32 0.48
ASI 38.11 38.06

Ghost 35.18 34.78

Using the NILMTK framework, the FHMM algorithm was then applied. The algorithm
uses the training data to model the loads into finite states and associates each state with an
electric power value. Table 4 presents the number of states that the FHMM uses to model
each load and the power associated with them.

Table 4. Number of states used to model each load and power associated to them.

Load Number of States Used to
Model the Load Power Associated to State

Crous 5

10.0
11.0
25.0
49.0
72.0

TD-GF 5

1.0
4.0
6.0
8.0
15.0

Ghost 4

33.0
35.0
36.0
37.0

ASI 3
36.0
38.0
39.0
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Table 4. Cont.

Load Number of States Used to
Model the Load Power Associated to State

AHUs 3
4.0
25.0
71.0

Air Compressor 2
6.0
36.0

Therefore, applying the formulation detailed in [13] to the data it is possible to infer
the individual consumption of each appliance. The results presented in Figure 11 illustrate
the disaggregation output using the FHMM for the air compressor load, the main target of
this work. In this figure, GT means Ground Truth, or the actual consumption, and FHMM
are the results from the FHMM NILM algorithm.
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Figure 11. Air compressor power pattern and energy disaggregation results on 16 May.

It can be seen in the previous figure that the FHMM algorithm was able to retrieve
most of the air compressor consumption in this example. In order to quantify the estimation
of the compressed air flow rate in this period, the association between flow rate and power
shown in Section 2.2 was applied. These results are exposed in Table 5. Then, the average
compressed air flow was compared to the flow estimated to the actual compressed air
power. These results are presented in Table 6.

The results presented in Table 6 suggest that it is possible to estimate the compressed
air leakage using NILM techniques in the context of energy audits, considering the dataset
investigated. With only five typical working days used as training, the algorithm was able
to estimate the compressed air flow with an error lower than 1% in this case.

Table 5. Average air compressor power and flow rate during the test period from NILM results.

Evaluated Period
Number of Samples Average Value

Load Unload Power [kW] Flow Rate [m3/h]

Test Period 2294 7786 12.82 66.90
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Table 6. Comparison between leakage estimation from measurements and from NILM.

Average Value

Power [kW] Flow Rate [m3/h]

Estimation From Measurements 12.83 66.96
NILM Estimation 12.82 66.90

Thus, the assessment presented in the last table could be used as a result of an energy
audit in the compressed air system. These results allow the auditors to estimate the energy
and financial savings with the repair of the leaks and, with the cost estimate of the repairs,
calculate the payback time. Then, the client would have the necessary information to
evaluate if the investment is worth it or not.

On the other hand, although apparent good results were obtained for the AHUs
and Crous loads (Figure 12), the disaggregation performed by applying the FHMM on
continuous loads, such as Ghost and ASI ones, did not present good results, as can be
seen in Figure 13. These results suggest that the FHMM is not the best suited to deal with
continuous loads. Hence, it is uncertain that The FHMM would successfully disaggregate
the power of a variable speed air compressor, since it has a continuous pattern. Therefore,
although the procedure would remain the same, the quantification of compressed air
leakage in the presence of a variable speed air compressor has a better chance of success if
a NILM technique better suited to continuous loads were applied.
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3.2. Energy Savings with Leaks Repair

The leakage estimation performed in the previous section allows for the calculation of
potential energy savings with its repair. Estimation of potential energy savings with leaks
elimination is, therefore, presented in this section.

Although the complete elimination of compressed air leaks is theoretically feasible, it
is nearly impossible to achieve in real environments. Due to that, potential savings were
calculated considering incremental percentages of repair of leaks, from 10% to 100%.

The determination of the compressed air flow rate after the leaks elimination allows
the estimation of how long the air compressor would remain in both load and unload
state, and, hence, the average power of the air compressor. Tables 7 and 8 present the
average flow rate and power after the leaks repair in both periods, normal operation and
no compressed air consumption.

Table 7. Average air compressor power after the leaks repair during the normal operation period.

Leaks Repaired [%] Leaks Repaired [m3/h] Flow Rate [m3/h]
Number of Samples

Average Power [kW]
Load Unload

10 6.696 101.38 3476 6605 16.34
20 13.392 94.69 3247 6834 15.66
30 20.088 87.99 3017 7064 14.98
40 26.784 81.30 2788 7293 14.29
50 33.480 74.60 2558 7523 13.61
60 40.176 67.90 2328 7753 12.93
70 46.872 61.21 2099 7982 12.25
80 53.568 54.51 1869 8212 11.56
90 60.264 47.82 1640 8441 10.88
100 66.960 41.12 1410 8671 10.20

Table 8. Average air compressor power after the leaks repair during the no compressed air consump-
tion period.

Leaks Repaired [%] Leaks Repaired [m3/h] Flow Rate [m3/h]
Number of Samples

Average Power [kW]
Load Unload

10 6.696 60.26 2066 8015 12.15
20 13.392 53.57 1837 8244 11.47
30 20.088 46.87 1607 8474 10.78
40 26.784 40.18 1378 8703 10.10
50 33.480 33.48 1148 8933 9.42
60 40.176 26.78 918 9163 8.73
70 46.872 20.09 689 9392 8.05
80 53.568 13.39 459 9622 7.37
90 60.264 6.70 230 9851 6.68
100 66.960 0.00 0 10,081 6.00

Considering the operation schedule, excluding vacations, holidays, and weekends, the
building operates 235 days per year in normal conditions. The remaining 130 days could
be considered periods of no compressed air consumption. This information allows for the
calculation of the average power, through a weighted mean calculation, and annual con-
sumption by extrapolating these values to the whole year. The annual average power and
energy consumption before the leaks repair are 15.53 kW and 136,042.8 kWh, respectively.
Table 9 exposes the annual savings estimation with the compressed air leakage repair while
Figure 14 illustrates the data.
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Table 9. Annual savings with the repair of compressed air leaks.

Leaks
Repaired [%]

Average Power [kW] Annual
Consumption

[kWh]

Annual Savings
[kWh]Normal

Operation
No Compressed

Air Consumption Whole Year

10 16.34 12.15 14.85 130,086.0 5956.8
20 15.66 11.47 14.17 124,129.2 11,913.6
30 14.98 10.78 13.48 118,084.8 17,958.0
40 14.29 10.10 12.80 112,128.0 23,914.8
50 13.61 9.42 12.12 106,171.2 29,871.6
60 12.93 8.73 11.43 100,126.8 35,916.0
70 12.25 8.05 10.75 94,170.0 41,872.8
80 11.56 7.37 10.07 88,213.2 47,829.6
90 10.88 6.68 9.38 82,168.8 53,874.0
100 10.20 6.00 8.70 76,212.0 59,830.8
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As an example, considering the ideal elimination of all leaks, savings of 59,830.8 kWh
represent around 44% of the compressed air system and 4.75% of the current annual global
consumption. Nevertheless, it is important to remember that, although it is possible, the
estimated leakage represents a high percentage compared to the total flow in the system,
which may indicate other problems such as irrational usage of compressed air, non-optimal
control, usage, etc. However, even if this estimation represents more than the leaks, it lends
itself to a more detailed investigation.

4. Conclusions

Most of the energy efficiency measures described in an energy audit rely on mea-
surements performed by auditors on-site. Nevertheless, they often have limited time
on-site to gather the data. Due to that, occasionally, some operation modes of a system
may not be included in their measurements. These operation modes not monitored may
hide great potential for energy efficiency measures. One example is the quantification
and repair of compressed air leakage. The leaks can be quantified by correlating the air
compressor power to its flow rate during a no compressed air consumption period, when
all the compressed air is directed to feed only the leaks. However, a period like that often
occurs during holidays or vacation time, which usually does not coincide with the auditors’
schedule. This analysis could be done by the use of historical data from the air compressors;
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however, it is not so common that this type of equipment is individually monitored and
that its consumption data is logged. Nevertheless, the log of global consumption is often
done. Due to that, the application of NILM techniques to retrieve the air compressor power
from global consumption is promising, especially in the context of an energy audit.

Hence, this work aimed at the application of a NILM technique, the FHMM, to retrieve
the power of a rotary-screw fixed speed air compressor during a no compressed air period,
using as training data only measurements from a normal operation period, simulating the
context of an energy audit. To benchmark the results, the leaks were initially quantified
using historical data available. Firstly, using raw data from the dataset, with 10 min
sampling interval, the flow rate was poorly estimated, making the leakage estimation
seemingly incorrect, suggesting that the air compressor changes its state at a higher rate
than the 10 min sampling interval. With the up sampling to a 1 min sampling interval,
and the retrieval of the actual powers associated with the load and unload states of the air
compressor, the flow rate estimation seemed more accurate. The percentage of leaks was
then estimated at around 62%. Finally, by the application of the FHMM as NILM technique,
the power load curve of the same air compressor was retrieved from the building’s global
consumption. The results obtained show that it was possible to satisfactorily estimate the
number of leaks, with an error of less than 1%, when considering the estimations made
from the measurements in the studied dataset. Thus, using NILM to perform analyses
that were not possible due to auditors’ schedules or lack of historical data, such as the
quantification of air compressed leaks, is a promising way to enhance energy audits and
achieve a significant reduction of energy consumption.

The work presented in this paper is limited to the application of compressed air sys-
tems in the presence of fixed-speed rotary screw air compressors. Although the procedure
would remain the same, it is uncertain that the FHMM would successfully disaggregate the
input power of a variable speed air compressor from the overall power, since this NILM
method is not the best suited for continuous loads. This can be seen in the disaggregation
results for the ASI, TD-GF, and Ghost loads presented at the end of Section 3.1.2. These
loads present a continuous pattern rather than variations in well-defined states. Hence,
the use of NILM methods for quantifying leakage in the presence of variable speed air
compressors should be addressed in future works. In addition, auditors could also use
NILM techniques to improve the analysis of other loads, such as pumping systems and
HVAC, in the context of energy audits and of the International Performance Measure-
ment and Verification Protocol (IPMVP). The relation of NILM techniques to the IPMVP
is also of great interest to the industry and energy auditors, and could be addressed in
upcoming research.
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