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ABSTRACT
Methods to obtain accurate estimations of the savings generated by building energy efficiency interventions
are a topic of great importance, and considered to be one of the keys to increase capital investments in
energy conservation strategies worldwide. In this study, a novel data-driven methodology is proposed for the
measurement and verification of energy efficiency savings, with special focus on commercial buildings and
facilities. The presented approach involves building use characterization by means of a clustering technique
that allows to extract typical consumption profile patterns. These are then used, in combination with an
innovative technique to evaluate the building’s weather dependency, to design a model able to provide accurate
dynamic estimations of the achieved energy savings. The method was tested on synthetic datasets generated
using the building energy simulation software EnergyPlus, as well as on monitoring data from real-world
buildings. The results obtained with the proposed methodology were compared with the ones provided by
applying the time-of-week-and-temperature (TOWT) model, showing up to 10% CV(RMSE) improvement,
depending on the case in analysis. Furthermore, a comparison with the deterministic results provided by
EnergyPlus showed that the median estimated savings error was always lower than 3% of the total reporting
period consumption, with similar accuracy retained even when reducing the total training data available.

1. Introduction
In 2018, 36% of final energy use and 39% of energy and process related CO2 emissions worldwide were attributed to the building
and construction sector, a 2019 report from the IEA showed [1]. In
the same document, it was reported that the global emissions of the
building sector increased 2% in 2018, reaching a record amount of
9.7 gigatonnes of carbon dioxide, and marking a 7% increase from
2010. Different studies have analysed the low turnover rate of the
existing built environment and forecasted that up to three quarters of
the existing building stock might still be standing in 2050 [2,3]. This
means that improving the energy efficiency of the existing building
stock is a crucial step to lower the energy demand of the building
sector, and to reach the climate goals set in Europe [4] and in the
rest of the world [5]. In the last years, there is been many studies
that tried to asses the energy impact of entire sectors and possible
carbon reduction scenarios [6,7]. On the other hand, it was found that

when it comes to the implementation of energy retrofitting measures
in individual buildings, one of the greatest challenges is measuring
the savings achieved, this process is commonly referred to as the
Measurement and Verification process [8].
Measurement and verification (M&V) is defined as the process of
using measurements to reliably determine energy savings generated
within an individual building or facility by an energy efficiency intervention. Since energy savings cannot be directly measured, as they
represent the absence of energy use, they are usually determined
by comparing the facility’s energy consumption before and after the
implementation of a retrofit measure, considering appropriate adjustments for possible changes in conditions. Different methodologies and
protocols have been developed for this scope, the main being: the
International Performance Measurement and Verification Protocol (IPMVP), and the ASHRAE Guideline 14 [9]. Both these methodologies
are based on the use of a baseline energy model to compare the energy
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• consider typical building usage profiles as predictor variables
in the energy baseline model, introduced by means of daily
consumption patterns detected with a clustering methodology,
• perform a detailed characterization of the building energy usage,
harnessing also data from the post-measure application period,
• provide accurate results even when less than a full year of training
data is available,
• provide, together with the savings estimation, a range of actionable insights into the energy performance of the analysed
facilities, such as typical load consumption profiles, change-point
temperature of the building, and weather dependence analysis.

Abbreviations
BIC
COP
CV(RMSE)
EEM
GAM
GHI
GBM
GOF
HVAC
IPMVP
M&V

Bayesian Information Criterion
Coefficient Of Performance
Coefficient of Variation of the Root Mean
Square Error
Energy Efficiency Measure
Generalized Additive Model
Global Horizontal Radiation
Gradient Boosting Machine
Goodness of Fit
Heating, Ventilating and Air Conditioning
International Performance Measurement and
Verification Protocol
Measurement and Verification

This represents a significant advance to the state-of-the-art, especially in practical applications, e.g. implementation of Energy Performance Contracts, where accurate short-term monitoring with high
granularity could be feasible, but year-round data acquisition is not
practical from a business point of view. This feature considerably
widens the scope of application of the proposed methodology, also
considering that the calculations performed are based on data that
can be easily obtained, such as energy consumption and climate data,
making the method easy to apply to a wide range of existing buildings.
The viability of the approach was tested in two different case studies: the first was carried out with a set of synthetic data generated using
the energy modelling software EnergyPlus [15], while the second was
performed using a set of real consumption data from three commercial
buildings located in Barcelona (Spain), where different EEMs have been
implemented. For case study 1, the operation of three commercial
building typologies was simulated in different climate locations, and
for each of them two EEMs were introduced, at different points of
the time-series, for a total of 54 unique simulation cases. Each of
the buildings was simulated with and without the energy efficiency
intervention, thereby allowing a comparison between the effective
energy savings, simulated with EnergyPlus, and the ones estimated with
the data-driven statistical model. Such a comparison made it possible
to verify that low statistical model errors are translated into accurate
estimations of the energy savings achieved by the EEMs. The proposed
approach is also compared to another method based on the timeof-week-and-temperature (TOWT) model [16], a commonly employed
method in measurement and verification applications that was the
object of different studies to estimate prediction accuracy [13,17,18]
and uncertainty [19] in measurement and verification applications.
The TOWT model is also the reference model of the CalTRACK protocol [20]. For the second case study, data from three existing buildings
that implemented EEMs were analysed. The two case studies have two
complementary objectives: with the first it was possible to test the
methodology and showcase its features in a controlled environment,
where the true savings values are known, since they can be estimated
using EnergyPlus deterministic calculations. This provides a concrete
value to compare the results to, and a benchmark for model performance. Conversely, the second case study has the goal of demonstrating
that the proposed methodology is able to work properly not only with
simulated data, but can also provide accurate results with low error
when analysing monitoring consumption data from existing buildings.
The present study provides significant research contribution to each
of the needs described at the beginning of this section, demonstrating
considerable accuracy improvements, compared to the industry benchmark, which are even more evident when the training data used is
reduced to less than a full year. At the same time, the results yielded
are easily interpretable even for non experts in statistics, providing not
only energy savings quantification but also a wide range of actionable
insights into the energy performance of the analysed building.

consumption before and after the Energy Efficiency Measure (EEM)
implementation. The baseline model can be defined as the energy
characterization of the starting situation, and its role is fundamental
in the assessment of energy savings. In fact, the baseline model has the
task of segregating the effects of a retrofit programme from the effects
of other simultaneous changes that can affect the energy consumption,
hence improving the accuracy with which energy savings are estimated.
Recent breakthroughs in advanced metering infrastructure technologies and data analytics techniques have initiated a transition of
M&V to a new stage, also known to practitioners as advanced measurement and verification (or M&V 2.0). The main characteristic of M&V
2.0 is the possibility of performing real-time energy efficiency savings
estimations, thanks to the analysis of datasets having high sampling
frequency and resolution [10]. This translates into the possibility of
providing dynamic energy insights, maximizing the savings estimation
accuracy, and obtaining a detailed characterization of the building’s
energy usage and performance [11]. In the framework of advanced
M&V, great effort is being put into the development of advanced
baseline models that can reach high estimation accuracy thanks to
the application of state-of-the-art statistical and machine learning techniques. In addition to that, many advanced M&V tools are now offering
several other energy services, such as consumption profile data mining,
equipment fault detection, and building energy benchmarking [12].
Comprehensive reviews regarding the state-of-the-art of data-driven
measurement and verification methodologies were carried out in the
last years [13,14]. While different methods have been identified to
have different strengths and weaknesses, the reviews highlighted the
following knowledge gaps:
• none of the reviewed methodologies make use of the typical
consumption patterns detected in the analysed facilities as a direct
predictor variable,
• all of the reviewed methodologies utilize energy baseline models
which are trained only on the data that precedes the EEM implementation. This causes the loss of valuable information regarding
how energy consumption fluctuates as a consequence of the variations of outdoor climate variables, which is contained in the data
that follows the EEM implementation and which can be extracted
(and uncoupled from the effects induced by the measures) by
means of statistical methods introduced in the present paper.
As a consequence, the results provided by most of the reviewed
methodologies are affected by a rapid degradation when less than a
full year of training data is available. At the same time, most of the
existing methodologies only provide an estimation of energy efficiency
savings, with no additional information about the energy performance
and behaviour of the analysed facilities. The novel approach proposed
in this publication addresses the presented gaps by developing an
enhanced data-driven methodology able to:

2. Methodology
2.1. Methodology overview
The energy savings calculation methodology proposed in this article is based on two main concepts: (i) the baseline energy use of
2
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Fig. 1. Methodology flowchart.

a commercial building or facility can be represented by a statistical
model; (ii) when an EEM is implemented in that building, the variation in the energy use caused by this EEM can be represented by
adding supplementary terms to the initial baseline model. This last
concept defines one of the main differences of this paper’s approach
and the M&V methodologies currently employed in industry: traditional
methods are based on the theory that it is possible to detect energy
behaviour changes by training a model with historical data of the
period that precedes the application of the EEM, and then to predict
energy consumption on the post EEM application period. In contrast,
in the methodology presented in this article, the detection of energy
behaviour changes does not happen thanks to the choice of a specific
training dataset, but through the definition and selection of different
additive terms in the model itself. There are two main advantages
related to this revised paradigm: the first one is that the whole timeseries data can be used to train the baseline model, which enables an
improved description of the buildings’ energy performance; the second
one is that, in case of more than one EEM implementation, there is no
need to fit a different model for each measure. The technical details of
this procedure are further explained in Sections 2.3 and 2.4 .
With regard to the method to evaluate the impact of EEMs, it is
supposed that implemented measures can have a two-fold effect on the
energy usage of a building: they either cause a change in the daily load
profile, or they modify the way the building consumption increases
(or decreases) as a consequence of the variations of outdoor climate
variables. Both effects are considered in the assessment of the counterfactual consumption, which is the estimated energy consumption
following an intervention, as if the intervention had not taken place.
To evaluate the first of these two effects, when estimating the daily
counterfactual usage, instead of using the detected load profile for
that day, the profile used is the one the building would have had if

the measure was not applied, calculated using a prediction algorithm
based on time of the year and weather variables. On the other hand,
to account for weather related changes of the energy consumption,
different additive terms are considered in the baseline model, that have
the goal of capturing how the building weather dependence changes
after the application of a given measure. The technical details of this
process are explained in detail in Sections 2.2, 2.3, and 2.4.
In order to estimate the energy savings due to EEMs, the proposed
approach requires the following data:
•
•
•
•
•
•

energy consumption data (with hourly or sub-hourly granularity),
outdoor temperature,
global horizontal radiation (GHI),
wind speed,
public holidays calendar,
date of application of the analysed EEMs.

Once these data sets are collected, the procedure to estimate the
energy savings can be initiated. The methodology structure can be divided in three main phases: data acquisition and preprocessing, model
computation, and energy savings quantification. Fig. 1 illustrates the
process flow diagram of the methodology.
2.2. Phase 1: data acquisition and preprocessing
In this first phase of the approach, different techniques are used to
extract all the variables necessary for the calculation of the baseline
model, including the identification of the load profile patterns, and an
analysis of the weather dependence of the building.
3
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2.2.1. Time-series partitioning through binary flagging variables
Binary flagging variables are introduced in this model to mark the
periods of application of energy efficiency measures. For every Energy
Efficiency Measure, EEM𝑖 , that is eligible for evaluation, the sections
of the time-series before and after the measure application are marked
with a binary variable, 𝑚𝑖,𝑗 , having 0 values for the days before the
measure application date, and values of 1 for the days after the measure
application date. Thanks to this binary flagging variable, it is possible
to separate the sections of the time series where the EEM is applied
and the ones where it is not. The mathematical definition of this binary
variable is expressed as:
{
0, if measure 𝑖 is not applied on day 𝑗
𝑚𝑖,𝑗 =
(1)
1, if measure 𝑖 is applied on day 𝑗

variables previously introduced. Then, for every section of the timeseries after the first EEM implementation, the expected profile of the
day is estimated using a model trained on data from the preceding
time-series section. A concrete example follows, to better illustrate this
process: in a building with two applied EEMs, the time series will be
split in three parts: the first part, identified by 𝑚 = 0, prior to the
first measure application, the second part (𝑚 = 1), that includes all
the days between the implementation of the first measure and the
implementation of the second, and the third and last section (𝑚 = 2),
formed by all the days from the application of the second measure until
the end of the time-series. Once the split is completed, two different
models are run: to predict the daily profiles during section 𝑚 = 1, the
model is trained with all the data contained in section 𝑚 = 0, while
to predict the profiles of the section that follows the application of the
second measure (𝑚 = 2), the model is trained using the data of section
𝑚 = 1.
To improve the accuracy of this classification, the input variables
undergo a preprocessing phase: the day of the week and day of the
year variables are encoded as cyclical features using Fourier’s transformation [26], while the outdoor temperature and GHI are transformed
using spline functions. The classification model used for this task is a
gradient boosting machine (GBM), a machine learning algorithm that
has been previously applied in other research works related to building
energy, and has been shown to have strong predictive performance and
flexibility [27,28]. To execute the model, the XGBoost [29] library was
used, in the R programming environment. The results generated here,
are then used in the savings quantification phase to detect if applied
EEMs caused a change in the load profile of the building and if this
lead to energy efficiency savings.

In addition to 𝑚𝑖,𝑗 , another variable 𝑚 is computed and assigned
to each day 𝑗 of the time-series, indicating the total number of EEMs
applied in the building:
𝑚𝑗 =

𝑛
∑

𝑚𝑖,𝑗

(2)

𝑖=1

where 𝑛 is the total number of measures applied on the building.
This means that if in a building two different measures were applied,
one in January and one in September of the same year, 𝑚 will have
value 0 before January, 1 between January and September, and 2 after
September. 𝑚 and 𝑚𝑖 mark which measures are applied (and which are
not) on any given day of the time series, these variables allow for an
easy identification of the consumption trends during the model training
phase, and help in the selection of the additive terms that form the
baseline model.
2.2.2. Identification of the daily electrical load profiles
To identify the daily energy usage patterns of the building, a clustering algorithm is applied. The different days of the time-series are
separated into clusters of similar daily behaviour, using as input of
the algorithm the building’s energy consumption values, sampled every hour. Different clustering methods have been tested in literature
for this purpose, with k-means clustering [21], self organizing maps
(SOM) [22], and Symbolic Aggregate approXimation (SAX) [23], being
popular choices. In this research, the clusters are identified using a
Gaussian mixture model [24,25], and the optimal number of clusters
𝑘 is chosen according to the Bayesian Information Criterion (BIC) of
the model. The result of the clustering technique is a set of 𝑘 centroid
curves for 24 h electrical load profiles, which define the typical patterns
for the analysed building. To avoid including any potential change of
profile generated by an EEM application in the clusters, the profile
patterns are identified using only consumption data previous to the
first EEM application. Adopting the symbols introduced previously, the
clustering is run on all the days that have 𝑚 = 0, while for the days
having 𝑚 > 0, the profiles are identified by assigning each day to
one of the clusters previously detected. This profile classification is
achieved by calculating the cross euclidean distance matrix between
the centroids of each of the clusters and the consumption profiles of
each day.

2.2.4. Weather dependence analysis
In the weather dependence analysis, the temperature dependence
of the building is identified, more specifically the change-point temperature of the building is calculated, and therefore the days of the
year when the consumption is directly dependent on the outdoor
temperature values. In order to perform this analysis, the temperature
data is pre-processed by applying a first order low-pass filter [30].
This pre-processing is required to take into account that the energy
consumption is not directly dependent on the short-term outdoor temperature variation because of the effect of the building’s thermal inertia
and the thermal resistance. The low-pass filter allows to ignore the
fluctuations and to consider only the longer-term trend. The low-pass
filtered outdoor temperature is calculated as follows:
𝑇𝑙𝑝 (𝑡) = 𝑇 (𝑡 − 1)𝛼 + 𝑇 (𝑡)(1 − 𝛼)

(3)

where 𝑇 (𝑡) and 𝑇𝑙𝑝 (𝑡) are the hourly average outdoor temperature and
the low-pass filtered temperature at hour 𝑡. 𝑇 (𝑡−1) is the hourly average
outdoor temperature at hour 𝑡 − 1, and 𝛼 is the smoothing factor of the
filter (in this analysis a value of 𝛼 = 0.1 was chosen). The expression
‘hourly average temperature’ refers to the case of having more than one
temperature measurement per each hour, in which case the average of
these measurements is taken to be the reference temperature for hour
𝑡.
Once the low-pass filtered temperature has been calculated, a piecewise linear model is fitted with these input data. The most significant
points of this model are defined by the heating and cooling changepoint temperatures, estimated as a change-point temperature 𝑇𝑐𝑝 plus–
minus a hysteresis ℎ which can take on positive or negative values.
These two parameters define the outdoor temperatures from which a
significant relationship between the building’s energy consumption and
the outdoor temperature conditions is detected. 𝑇𝑐𝑝 and ℎ are calculated
using a linear regression model and should be understood as a measure
of how the daily aggregated electricity consumption varies with the
daily average outdoor temperature values.

2.2.3. Prediction of expected daily profiles based on weather and time
variables
Once the daily load profiles have been classified in different clusters,
an additional model predicts, for each day of the time-series, which
should be the expected load profile on that day. The variables on which
this model is based are: day of the week, day of the year, outdoor
temperature, global horizontal radiation (GHI), and the electrical load
profiles of the 7 days previous to the considered day. More specifically,
the goal is to predict, based on these variables, which would have
been the load profile of any day after the first EEM application, if
no EEMs were applied in the building. To achieve this, the timeseries is split in different sections, according to the binary flagging
4
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Fig. 2. Possible consumption scenarios depending on 𝑇𝑐𝑝 and ℎ values.

In order to estimate 𝑇𝑐𝑝 and ℎ, three possible building operation modes are identified, depending on the hourly average outdoor
temperature 𝑇 :
⎧ℎ𝑒𝑎𝑡𝑖𝑛𝑔
⎪
𝑚𝑜𝑑𝑒 = ⎨𝑐𝑜𝑜𝑙𝑖𝑛𝑔
⎪
⎩𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚

where 𝑌𝑑 is the daily electricity consumption of the building, 𝛼𝑘 is the
base load for cluster 𝑘, 𝛽𝑚𝑜𝑑𝑒,𝑘 are the linear coefficients that mark
the temperature dependence according to the load profile and mode
of the day (i.e. 𝛽ℎ𝑒𝑎𝑡𝑖𝑛𝑔,1 is the coefficient that marks the temperature
dependence of the building when it is in heating mode and the day’s
load profile is represented by cluster 1), and 𝐶𝑘 is a variable that marks
the cluster of the analysed day and is equal to 1 if the cluster of the day
is equal to 𝑘, or 0 in all the other cases. In this way, only the relevant
linear coefficient is used to describe the temperature dependence of the
day (i.e. when the load profile of the day corresponds to cluster 1, 𝐶1 =
1, 𝐶2 = 0, 𝐶3 = 0, … , 𝐶𝐾 = 0). To identify the linear coefficients 𝛽𝑚𝑜𝑑𝑒,𝑘 ,
the lasso method (least absolute shrinkage and selection operator) is
used. The optimization is initiated with an arbitrary 𝑇𝑐𝑝 and ℎ, that are
then optimized with a genetic algorithm that uses as score the 𝑅2 of
the model in Eq. (6). Note that a single 𝑇𝑐𝑝 is evaluated for the whole
building, regardless of the different load profiles, meaning that effect
of the change-point temperature variation between different clusters on
the daily aggregated consumption is considered to be negligible. Once
𝑇𝑐𝑝 and ℎ are optimized, the mode of the building for each day of the
time-series is calculated using Eq. (4). The building mode identifies the
days in which the energy usage of the building is weather-dependent,
since it is considered that the weather variables will only affect the
electricity consumption if the building needs active heating or cooling.
Once the optimized building mode is identified, modified temperature,
GHI, and wind speed vectors are calculated, having non-zero values
only on the days where the building is considered weather dependent,
these vectors are marked by the superscript ‘dep’:
{
(𝑇 − ℎ) − 𝑇 if mode = heating
𝑑𝑒𝑝
(7)
𝑇ℎ = { 𝑐𝑝
0
𝑇 − (𝑇𝑐𝑝 + ℎ) if mode = cooling or mode = equilibrium
𝑇𝑐𝑑𝑒𝑝 =
(8)
0
if mode = heating or mode = equilibrium
{
𝐺𝐻𝐼
if
mode
= cooling or mode = heating
(9)
𝐺𝐻𝐼 𝑑𝑒𝑝 =
0
if mode = equilibrium
{
𝑊 𝑠 if mode = cooling or mode = heating
𝑊 𝑠𝑑𝑒𝑝 =
(10)
0
if mode = equilibrium

if 𝑇 < (𝑇𝑐𝑝 − ℎ)
if 𝑇 > (𝑇𝑐𝑝 + ℎ)

(4)

if (𝑇𝑐𝑝 − ℎ) ≤ 𝑇 ≤ (𝑇𝑐𝑝 + ℎ)

From Eq. (4), it is visible that the equilibrium mode is only possible
for buildings having ℎ > 0, and that for buildings with ℎ < 0,
the heating and cooling modes can happen at the same time. Fig. 2
shows the different consumption scenarios for a hypothetical building,
depending on the possible values of ℎ. Positive ℎ will result in the
building being characterized by an equilibrium range of temperatures
around 𝑇𝑐𝑝 , where the energy consumption is not affected by the change
of outdoor temperature. Negative ℎ means that there is a range of
temperatures around 𝑇𝑐𝑝 , in which the building can have heating and
cooling dependence at the same time. Finally, ℎ = 0 means that the
building has heating dependence for 𝑇 < 𝑇𝑐𝑝 and cooling dependence
for 𝑇 > 𝑇𝑐𝑝 .
Once the mode for each day of the time series has been identified,
∗
the daily mean dependent temperature 𝑇𝑚𝑜𝑑𝑒
is calculated, defined as:
⎧(𝑇𝑐𝑝 − ℎ) − 𝑇 if mode = heating
⎪
∗
𝑇𝑚𝑜𝑑𝑒
= ⎨𝑇 − (𝑇𝑐𝑝 + ℎ) if mode = cooling
⎪
if mode = equilibrium
⎩0

(5)

∗
Regardless of the operation mode, a higher 𝑇𝑚𝑜𝑑𝑒
represents a higher
deviation from the change-point temperature of the building, meaning
higher energy requirements to keep the desired internal temperature.
∗
The 𝑇𝑚𝑜𝑑𝑒
is then used to fit the step-wise linear model that estimates
the temperature dependence of the building energy usage. It is assumed
that the ratio by which the building’s consumption depends on the
∗
temperature 𝑇𝑚𝑜𝑑𝑒
varies according to the load profile and the operation
mode of the day, for this reason the model is constituted of 𝐾 × 3
different linear terms, where 𝐾 is the number of clusters identified as
described in 2.2.2. The formulation of the step-wise linear temperature
dependence model is the following:
∑
∗
𝑌𝑑 =
𝐶𝑘 𝛼𝑘 + 𝐶𝑘 𝛽𝑚𝑜𝑑𝑒,𝑘 𝑇𝑚𝑜𝑑𝑒
(6)

where 𝐺𝐻𝐼 and 𝑊 𝑠 represent the average global horizontal radiation
and average wind speed of the day. By including these modified vectors
𝑇ℎ𝑑𝑒𝑝 , 𝑇𝑐𝑑𝑒𝑝 , 𝐺𝐻𝐼 𝑑𝑒𝑝 and 𝑊 𝑠𝑑𝑒𝑝 in the baseline estimation model, it is

𝑚𝑜𝑑𝑒,𝑘

5
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𝑑𝑒𝑝
𝑑𝑒𝑝
) + 𝑓 (𝑊 𝑠𝑑𝑒𝑝
• 𝛼𝑖 𝑇ℎ,𝑚
+ 𝑓 (𝐺𝐻𝐼𝑚𝑑𝑒𝑝
+ 𝛽𝑖 𝑇𝑐,𝑚
𝑚𝑖 ) also identify climate𝑖
𝑖
𝑖
affected consumption, but only during specific sections of the
time-series, since the vectors with the subscript 𝑚𝑖 , defined in
2.2.4 are non-zero only when measure 𝑖 is applied,
• 𝑛 is the total number of energy efficiency measures applied in the
building during the considered time-frame,
∑
• 𝐾
𝑘=1 𝛾𝑖,𝑘 𝐶𝑘 is the term representing the effect of the daily load
profile on the consumption, where 𝛾𝑖,𝑘 is the coefficient that
specifies the impact of the profile, 𝐶𝑘 is a variable that marks the
profile of the analysed day, being equal to 1 if the profile of the
day is profile 𝑘, 0 in all the other cases, and 𝐾 is the total number
of daily load profiles identified by the clustering algorithm,
• 𝛿ℎ,𝑖 𝑑ℎ + 𝛿𝑛ℎ,𝑖 𝑑𝑛ℎ is the term that marks the effect of calendar
holidays on the consumption: 𝑑ℎ is a coefficient equal to 1 if the
day is a calendar holiday, and 0 if it is not, 𝑑𝑛ℎ the opposite,
while 𝛿ℎ,𝑖 and 𝛿𝑛ℎ,𝑖 are the coefficients that specify the impact of
the holiday variable depending on the EEM applied in a certain
period of the time-series,
• 𝑚𝑖 are the EEM binary flagging variables, equal to 1 when measure 𝑖 is effective, 0 elsewhere (𝑚0 is considered 1 when there are
no measures applied, 0 elsewhere).

possible to take the weather variables into account only on the days
when the building is directly dependent on them.
Finally, a last set of vectors necessary for baseline estimation is
calculated, by multiplying 𝑇 𝑑𝑒𝑝 , 𝐺𝐻𝐼 𝑑𝑒𝑝 , and 𝑊 𝑠𝑑𝑒𝑝 by the binary
flagging variables 𝑚𝑖 . The resulting vectors are used to characterize how
the weather dependence of the building changed in time, as different
EEMs were applied:
𝑑𝑒𝑝
𝑇ℎ,𝑚
= 𝑇ℎ𝑑𝑒𝑝 ∗ 𝑚𝑖

(11)

𝑑𝑒𝑝
𝑇𝑐,𝑚
= 𝑇𝑐𝑑𝑒𝑝 ∗ 𝑚𝑖

(12)

𝐺𝐻𝐼𝑚𝑑𝑒𝑝 = 𝐺𝐻𝐼 𝑑𝑒𝑝 ∗ 𝑚𝑖

(13)

𝑑𝑒𝑝
𝑊 𝑠𝑑𝑒𝑝
∗ 𝑚𝑖
𝑚 =𝑊𝑠

(14)

𝑖

𝑖

𝑖

𝑖

These vectors have a crucial role in the methodology, as they
contain the information about the effect of the implemented EEMs on
the building energy consumption. It is thanks to these vectors that it
is possible to use the whole time-series to train the baseline model,
while still excluding the energy reductions caused by the measures
when estimating the savings. This process is explained in more detail
in the next section, which presents the characteristics of the baseline
model.

All the model regressors are estimated in one single training phase,
but fitting on different periods of data depending on the regressor. For
each of the weather variables, two typologies of regressors are defined:
baseline regressors, which are estimated using the whole time-series;
and measure effect regressors, that represent the variation from the
baseline and are estimated using the time periods where the measure
is applied. E.g. for the GHI case, there is a baseline smooth term
that represents the building dependence on solar radiation throughout
the whole time-series: 𝑓 (𝐺𝐻𝐼 𝑑𝑒𝑝 ). Then, additional GHI regressors
∑𝑛
𝑑𝑒𝑝
𝑖=0 𝑓 (𝐺𝐻𝐼𝑚𝑖 ) allow to estimate the variations from the baseline
introduced by the measures. Thanks to this fitting technique, additional data from the post EEM application date can be included in
the evaluation of the baseline dependence coefficients, since the variations generated by the EEM are included in the measure effect set
of coefficients. This allows an improved accuracy of the model, even
when pre measure implementation time-series data available is short.
The methodology used to harness this model for the measurement and
verification of energy savings is explained in the next section

2.3. Phase 2: baseline energy modelling
This phase has the goal of developing a statistical model able to estimate the daily baseline energy demand of the building under analysis.
Among the different possible statistical models that could be used for
this task, the authors decided to work with generalized additive models
(GAM), which is a specific method for supervised learning originally
developed by statisticians Trevor Hastie and Robert Tibshirani [31].
GAMs are flexible statistical methods that can be used to identify and
characterize nonlinear effects. In the regression setting, a generalized
additive model has the form:
(15)

𝑔(𝐸(𝑌 )) = 𝛽0 + 𝑓1 (𝑋1 ) + 𝑓2 (𝑋2 ) + ⋯ + 𝑓𝑝 (𝑋𝑝 )

2.4. Phase 3: Energy savings quantification

where 𝑋1 , 𝑋2 ,. . . ,X𝑝 represent the predictors, and 𝑌 is the outcome.
The f𝑗 may be functions with a specified parametric form (polynomial
or un-penalized regression spline, for example), or unspecified ‘smooth’
functions, to be estimated by non-parametric means. This means that
the model allows for rather flexible specification of the dependence of
the response on the covariates. The GAM developed in the framework
of this research aims to represent daily electricity consumption as a
function of outdoor temperature, sun altitude, wind speed, daily load
profile, and a holiday flagging variable. The model has the following
form:

In the last phase of the methodology, the baseline model is used
to calculate the counterfactual energy consumption, that allows to
estimate the energy savings. The accuracy metrics used to evaluate the
goodness of fit of the model are also introduced.
2.4.1. EEM savings evaluation
The savings estimation process has different substeps, firstly the
whole time-series is divided in 𝑛 + 1 sections (𝑃0 , 𝑃1 , … , 𝑃𝑛 ), where 𝑛
is the total number of measures applied in the building. In order to
calculate the savings provided by an individual EEM during period
of time 𝑃𝑖 , the model computed in Phase 2 is used to predict what
would be the energy consumption of the building during that period of
time, if the behaviour of the building would still be the one observed
in the previous section of the time series 𝑃(𝑖−1) (counterfactual). This
prediction is realized by applying the GAM model with the model
coefficients fitted for section 𝑃(𝑖−1) , but with the exogenous variables
(outdoor temperature, sun altitude, wind speed, etc.) of period 𝑃𝑖 .
Additionally, to increase the accuracy of the estimation, the daily load
profiles introduced in the model (marked by the term 𝐶𝑘 in (16)) are
not the ones identified with the classifier described in 2.2.2. Instead,
the profiles predicted by the classification model detailed in 2.2.3
are used. Thanks to this, if on a given day, the load profile changed
because of the implemented EEM, the baseline consumption for that

𝑔(𝐸(𝐸𝑑 )) =𝛼 𝑇ℎ𝑑𝑒𝑝 + 𝛽 𝑇𝑐𝑑𝑒𝑝 + 𝑓 (𝐺𝐻𝐼 𝑑𝑒𝑝 ) + 𝑓 (𝑊 𝑠𝑑𝑒𝑝 )
+

+

𝑛
∑
𝑑𝑒𝑝
𝑑𝑒𝑝
[𝛼𝑖 𝑇ℎ,𝑚
+ 𝛽𝑖 𝑇𝑐,𝑚
+ 𝑓 (𝐺𝐻𝐼𝑚𝑑𝑒𝑝 ) + 𝑓 (𝑊 𝑠𝑑𝑒𝑝
𝑚 )]
𝑖=1
𝑛
∑

𝑖

𝑖

𝑚𝑖 (𝛿ℎ,𝑖 𝑑ℎ + 𝛿𝑛ℎ,𝑖 𝑑𝑛ℎ +

𝑖=0

𝑖

𝐾
∑

𝑖

(16)

𝛾𝑖,𝑘 𝐶𝑘 )

𝑘=1

where:
• 𝐸(𝐸𝑑 ) is the estimator of the daily electricity consumption,
• 𝛼 𝑇ℎ𝑑𝑒𝑝 + 𝛽 𝑇𝑐𝑑𝑒𝑝 + 𝑓 (𝐺𝐻𝐼 𝑑𝑒𝑝 ) + 𝑓 (𝑊 𝑠𝑑𝑒𝑝 ) are the linear and smooth
terms marking the part of consumption that depends on weather
variables, evaluated on both pre and post measure application
data,
6
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where 𝑚 are the total days after the measure implementation, 𝐵𝐸+,𝑗
is the EnergyPlus baseline consumption value on day 𝑗, 𝐵̂ 𝑗 is the
model predicted baseline energy consumption, on the same day, and
𝐵̄ 𝐸+ is the average daily EnergyPlus baseline consumption. 𝑆𝑑𝑖𝑓 𝑓 is a
quick and intuitive metric that can be used to evaluate the accuracy of
different data-driven models in the estimation of overall yearly savings,
while the 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 can be used to compare how such models are
performing in the prediction of the daily counterfactual.

day will not be calculated based on the new load pattern, but on the
one the building would have had if the measure was not applied. The
estimated baseline obtained is then compared with the metered energy
consumption during the same period of time 𝑃𝑖 . If the measure had
a positive effect on the energy usage of the building, the baseline
consumption for the considered period will be higher than the metered
one, and the energy savings achieved can be obtained by calculating the
difference between both time series. The energy savings 𝑆𝑖 for period
𝑃𝑖 can be described as:
∑
∑
𝐸𝑑𝑚𝑗
(17)
𝑆𝑖 =
𝑔(𝐸(𝐸𝑑𝑗 | 𝑖 = 𝑖 − 1, 𝐶𝑘 = 𝐶𝑘𝑝𝑟𝑒𝑑 )) −
𝑗∈𝑃𝑖

3. Case study

𝑗∈𝑃𝑖

The enhanced M&V methodology proposed in this article was thoroughly tested on two different case studies: one that uses synthetic data
generated with simulation software, and one that uses monitoring data
from existing buildings. The two case studies are described in detail in
this section.

where:
∑

𝑗∈𝑃𝑖 represents the sum over the 𝑗 days of period 𝑃𝑖 being the
baseline model a daily model,
• 𝑔(𝐸(𝐸𝑑𝑗 | 𝑖 = 𝑖 − 1, 𝐶𝑘 = 𝐶𝑘𝑝𝑟𝑒𝑑 )) is the estimated baseline consumption on day 𝑗, calculated with the model coefficients fit for
period 𝑃(𝑖−1) , and substituting the load profiles identified by the
clustering classifier (𝐶𝑘 ) with the load profiles predicted by the
gradient boosting machine (𝐶𝑘𝑝𝑟𝑒𝑑 ),

•

3.1. Case study 1: synthetic data
For the first case study, synthetic data was generated with the building energy simulation software EnergyPlus. Three different building
typologies were designed, using the 3D design software SketchUp [32]
and its plugin Euclid [33]. Each of the three building typologies was
simulated in three different geographical locations and six different sets
of implemented energy efficiency measures were considered, meaning
that 54 unique simulations were carried out, in order to test the
performance of the proposed methodology. Additional white noise was
also added to the final simulation time-series, with the goal of improving their resemblance to the stochastic behaviour of non simulated
buildings. For each of the 54 cases, three years of building operation
were simulated, with two different EEMs introduced at different dates
of the time-series. Three sets of simulations were run for each case: (i)
first, the whole three years of operation were simulated without any
measure applied; (ii) then, with one EEM applied; (iii) and finally, with
both EEMs applied. Thanks to this approach, it was possible to simulate
the energy savings associated with each EEM. To estimate the accuracy
of the proposed M&V approach, a comparison of the simulated savings
and the ones estimated by the data-driven model, was performed. The
three years of operation that were simulated are 2016, 2017, and 2018,
and the EEMs were considered to be applied each at the end of one
year of operation (January 1st 2017, and January 1st 2018). Historical
weather data for the selected locations was obtained from the Dark Sky
weather web service [34] and used in the simulations. It is important
to point out that, while it is true that synthetic data is used in this case
study, this is neither an attempt to build a calibrated model, nor to
create a simulation-based M&V framework. The methodology presented
in this article is purely data-driven and does not use any information
derived from the simulations’ generation process.
The energy consumption time series of one of the simulated building
typologies is shown in Fig. 3. The different colours represent the state of
the building in terms of the applied EEMs: for the first year of operation
(red) no measure is applied, for the second year (green) the first of
the two measures is applied (𝑚 = 1), while, for the third year (blue),
both EEMs are applied (𝑚 = 2). A quick view of this figure shows an
appreciable decreasing trend of the energy consumption, which could
be associated with the application of each of the EEMs.

• 𝐸𝑑𝑚𝑗 represents the metered electricity consumption on day 𝑗.
2.4.2. Accuracy metrics
Once the energy savings are estimated, different metrics to evaluate
the goodness of fit of the model (GOF) are calculated. The GOF of the
baseline model is assessed with the coefficient of variation of the root
mean square error (CV(RMSE)). It is a metric frequently employed to
evaluate the accuracy of energy baseline models:
√ ∑
𝑛
1
̂ 2
𝑖 (𝐸𝑖 − 𝐸𝑖 )
𝑛
𝐶𝑉 (𝑅𝑀𝑆𝐸) =
× 100
(18)
𝐸̄
where 𝑛 are the total days of the time-series, 𝐸𝑖 is the measured energy
consumption value on day 𝑖, 𝐸̂ 𝑖 is the predicted energy consumption
with the baseline model, on the same day, and 𝐸̄ is the average daily
energy consumption across the whole time-series. In Eq. (18), it can
be appreciated that the CV(RMSE) is a normalization of the root mean
square error by the mean of the measured energy consumption values
̄ therefore, it represents the size of the model error in relation to
𝐸,
the average energy consumption values. For the scope of this article, two additional accuracy metrics are defined, that can be used
to calculate how well different models are performing, compared to
the ground truth provided by the EnergyPlus simulations. The first of
these measures is the normalized percentage difference between the
model estimated savings and the simulated savings calculated with
EnergyPlus:
𝑆𝑑𝑖𝑓 𝑓 =

|𝑆𝐸𝑝𝑙𝑢𝑠 − 𝑆𝑚𝑜𝑑𝑒𝑙 |
𝐸𝑡𝑜𝑡

× 100

(19)

where 𝑆𝐸𝑝𝑙𝑢𝑠 are the overall savings calculated with EnergyPlus for the
time period under analysis, 𝑆𝑚𝑜𝑑𝑒𝑙 are the savings estimated with the
data-driven model, for the same period, and 𝐸𝑡𝑜𝑡 is the total monitored
energy consumption in that time-frame. 𝑆𝑑𝑖𝑓 𝑓 can be seen as the
deviation of the model estimated savings from the theoretical savings,
in terms of percentage of the period total consumption. The other
metric introduced is the baseline CV(RMSE), a parameter similar to
the one presented in Eq. (18). The difference lays in the fact that the
CV(RMSE) of Eq. (18) is generally calculated on data that precedes any
EEM implementation, since, in real world use cases, there is no measured data about how the energy consumption of the building would
have been if the measure was not implemented. Conversely, being in
possession of the ground truth provided by EnergyPlus, in the setting
of the present article, it is possible to calculate the difference between
the baseline consumption obtained with the data-driven models, and
the one calculated using the deterministic approach:
√ ∑
𝑚
1
̂ 2
𝑗 (𝐵𝐸+,𝑗 − 𝐵𝑗 )
𝑚
× 100
(20)
𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 [%] =
𝐵̄ 𝐸+

3.1.1. Pilot building typologies
As mentioned before, three different building typologies were analysed in this case study: an office, a primary care centre, and a hospital.
The three geographical locations considered were Stockholm (Sweden), Berlin (Germany), and Girona (Spain). The U-values for walls,
windows, and roofs were selected using the information contained in
TABULA [35,36], a WebTool that comprises information about typical
U-values of buildings of different age bands across Europe. With regards
to the buildings’ construction materials and equipment, the buildings
7
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Fig. 3. Consumption time-series for the office building, with colours marking the implemented EEMs.
Table 1
Characteristics of the building typologies used for Case Study 1.
Building block

Pilot 1 - office

Pilot 2 - Primary care

Pilot 3 - Hospital

Building shape
Total floor area [m2 ]
Number of floors
Floors to ceiling height [m]

1680
3
3

700
2
3

9800
10
3

Windows
U-factor [W/m2 K]
Solar heat gain coefficient
Visible transmittance

3
0.763
0.812

4
0.763
0.812

3
0.763
0.812

Infiltration

1 ACH

1 ACH

1 ACH

Ventilation (peak) [m3 /(s floor)]

1.32

1.05

2.94

Internal loads (peak)
Lighting power density [W/m2 ]
Plug load power density [W/m2 ]
Occupancy (peak) [W/(m2 floor)]

13
3.55
4.8

13
5
7.2

8
18
14.4

were supposed to be built between the 1950s and the 1980s. In all the
three building typologies, heat pumps are used for both heating and
cooling, with a variable COP ranging between 2.7 and 3.5 depending
on the outdoor temperature values. The construction details of the three
pilot buildings are presented in Table 1.

These four measures were then combined into six possible combinations of two measures: one at the end of the first year, and one at
the end of the second year of simulation. The six combinations are
shown in Table 2. Each building typology was simulated in the three
previously mentioned geographical locations and with each of the six
measure combinations, generating in this way 54 unique simulations.

3.1.2. EEMs details
Four different EEMs were applied in the pilot building typologies.
Their details are outlined here:

3.2. Case study 2: monitoring data
The second case study is based on real data from two offices and
a cultural building belonging to the regional authority of Catalonia
(Spain), and situated in the province of Barcelona. The goal of this
case study is to demonstrate that the proposed methodology works
well not only on synthetic data coming from a controlled environment
simulation, but also on monitoring consumption data coming from realworld buildings. In two of the buildings (that will be named here
Building 1, Building 2, and Building 3 due to the confidentiality of
the data analysed), a substitution of all the final elements of the
illumination system was realized. While for the third, a pack of different
retrofit measures was realized, including the replacement of all the
building lighting devices, the installation of an intelligent building
energy management system, and the installation of solar screens. A
summary of the information available for the three buildings, and the
respective implemented measures, is available in Table 3.
The electricity consumption time-series of Building 3 is presented
in Fig. 4, with the red and blue sections representing the consumption

• Electric equipment efficiency improvement: the peak plug load
power density was reduced by an amount ranging between 2 and
6 W/m2 , depending on the building,
• Lighting efficiency improvement: the peak lighting power density
was reduced by 4 W/m2 ,
• HVAC set-points shift: the heating temperature set-point was
shifted from 21 ◦C to 19 ◦C, and the cooling one from 23 ◦C to 25 ◦C
◦ , additionally, the functioning hours were changed in order to
reduce the HVAC overall usage,
• Building envelope improvement: the total air infiltration was
changed from 1 ACH to 0.3 ACH, as well as the UA values
for windows, walls and roof. The values depend on the specific
buildings and geographic locations, and were chosen taking into
account the research carried out within the TABULA project.
8
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Table 2
Details of the EEM combinations applied in Case Study 1.
Combination

First year measure

Second year measure

1
2
3
4
5
6

Equipment efficiency improvement
HVAC rescheduling and setpoints shift
HVAC rescheduling and setpoints shift
Lighting efficiency improvement
Envelope improvement
Equipment efficiency improvement

HVAC rescheduling and setpoints shift
Envelope improvement
Lighting efficiency improvement
Equipment efficiency improvement
Lighting efficiency improvement
Envelope improvement

Table 3
Characteristics of the three pilot buildings analysed in Case Study 2.
Building

Building 1 - office

Building 2 - office

Building 3 - cultural

General information
Total floor area [m2 ]
Date start monitoring
Date end monitoring

4000+
01/08/2018
31/12/2019

5000+
01/01/2019
31/12/2019

15 000+
01/12/2017
31/12/2019

Lighting efficiency
improvement
01/06/2019

Lighting efficiency
improvement
03/08/2019

Lighting efficiency +
BEMS + solar screens
01/11/2018

EEMs applied
Measure details
EEM implementation date

Fig. 4. Consumption time-series for Building 3 of Case Study 2, with colours marking the implemented EEMs.

The first step of the methodology is the identification of the typical
daily consumption profiles. In Fig. 5, the 8 profiles identified for the
first year of operation of the office building (before any measure implementation) are displayed: the red lines represent the profile centroids,
while the black lines represent the load profiles of days belonging to
that cluster.
Once the clusters have been identified, the temperature dependence
of the building is estimated for each cluster of days, after obtaining the
optimized change-point temperature and hysteresis (for the reference
building 𝑇𝑐𝑝 = 15.2 ◦C, 𝐻 = 2.9 ◦C). Fig. 6 shows the temperature dependence detected for each of the clusters, as the relationship between
the daily energy consumption and the 𝑇 ∗ , introduced in Eq. (5). Fig. 7
illustrates the time distribution of the different load profiles for year
2016. An analysis of Fig. 6 shows that most of the profiles have heating
dependence, except for clusters 5 and 6, representing typical weekday
summer profiles. Cluster 8 exemplifies the typical unoccupied profile
(weekends and holidays), having very low consumption and slight temperature dependence for both heating and cooling. Distinction between
profiles with heating dependence and profiles with cooling dependence
can also be drawn by analysing the consumption peaks in Fig. 5: winter
profiles have peaks in the early morning, while summer profiles have
peaks in the hours of highest solar radiation.
The peak consumption values shown in Figs. 5 and 6 reveal how the
heating load for this building is considerably higher than the cooling
one. This seems realistic, since the pilot energy use was simulated using
weather data from Berlin, where the climate is characterized by cold

before and after the implementation of the measures. It can also be seen
that one whole month of training data is missing from the consumption
time-series, due to a technical malfunctioning of the monitoring system.
4. Results
This section is dedicated to the presentation of the results obtained
in the two case studies previously introduced.
4.1. Case study 1
The results for the first case study are divided into two sections: first
a single simulated building is analysed in detail, with a comprehensive
analysis of all the intermediate results provided by the methodology.
Then, the aggregated results obtained for all the 54 analysed buildings
are presented and discussed.
4.1.1. Single building analysis
This section has the goal of showcasing the details of the different steps of the methodology, and is related to the analysis of the
office building, simulated with Berlin weather data, and having equipment efficiency improvement as first implemented measure and HVAC
rescheduling and set-points shift as second implemented measure. This
building will be referred to as the reference building for the remainder
of this section.
9
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Fig. 5. Load profiles identified for the reference building.

Fig. 6. Heating (red) and cooling (blue) temperature dependence by cluster identified for the reference building (𝑇𝑐𝑝 = 15.2 ◦C ℎ = 2.9 ◦C).

winters and moderately warm summers. A similar conclusion can be
∗
∗
reached by studying Fig. 8, where 𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔
and 𝑇ℎ𝑒𝑎𝑡𝑖𝑛𝑔
are shown, with
∗
∗
𝑇ℎ𝑒𝑎𝑡𝑖𝑛𝑔 reaching higher values compared to 𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔 .

GOF of the model, which appears to be able to capture the energy
dynamics of the building, and to accurately predict its electricity consumption for the three years analysed. Note that the statistical model
developed in this phase has the goal of simulating the normal operation
of the building: no savings are estimated yet at this stage. For the case
study proposed, a train/test split was performed in the GAM fitting
phase: the model was trained on 80% of the available time-series data,
and then tested on the remaining 20%. This is a common practice when
dealing with predictive techniques and has the goal of making sure that

After completing the cluster and weather analyses, the GAM model
is fitted to the input data. In Fig. 9, it is possible to see the consumption
predictions obtained for the office building in Phase 2 of the methodology, that is before applying the savings evaluation technique. The
baseline estimated consumption (in red) is compared to the simulated
consumption obtained using EnergyPlus (in black). Fig. 9 shows a high
10
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Fig. 7. Cluster distribution identified for the reference building in the first year of operation.

∗
∗
Fig. 8. 𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔
(blue) and 𝑇ℎ𝑒𝑎𝑡𝑖𝑛𝑔
(red) profiles identified for the reference building (𝑇𝑐𝑝 = 15.2 ◦C, 𝐻 = 2.9 ◦C).

each box represents the distribution of the results for the 18 different
simulations belonging to the noted building use (office, primary care
centre, hospital). The graphs contain data for the GAM based methodology, and for the CalTRACK implementation of the TOWT model, first
using a full year of training data, and then reducing the training data to
9 months. The training data reduction was performed in order to test
the hypothesis that one of the main advantages of the methodology
proposed in this article is that, thanks to its ability of harnessing data
from both the periods before and after an EEM is applied, it is able to
accurately predict energy savings even when less than one whole year
of historical data, before an EEM is applied, is available.
To estimate the CV(RMSE) for the scenarios with less training
data, a 10-fold cross validation approach was used. It is a technique
commonly employed within the machine learning community and was
introduced in the M&V environment by Touzani et al. [19]. The section
of the time-series allocated for training was divided into 10 different
sub-samples, called folds. In the first iteration, the baseline model was
calculated using the first 9 folds for training, while the validation error
was calculated on both the held out fold of the training data and the rest
of the time-series which was not used for the training. The procedure
was then repeated 10 times, holding out a different fold every time,
and the final CV(RMSE) was calculated as the mean of the results
obtained in each iteration. It was decided to use this technique because
it allows the CV(RMSE) to better represent how well the model is able
to generalize to a whole year of conditions, when only part of that year
is available as training data.

the model is not over-fitting the training data and is able to provide
good predictions on new observations. Ultimately, once the GAM coefficients are obtained, the savings for the implemented measures are
calculated following the procedure described in Section 2.4.
4.1.2. Overall performance analysis
This part of case study 1 is dedicated to the analysis of the model fit
and savings estimation accuracy obtained for the 54 buildings analysed.
In order to compare the GAM based methodology and the TOWT model,
three different accuracy metrics were calculated:
• the CV(RMSE), calculated on a random holdout set of the training
data,
• 𝑆𝑑𝑖𝑓 𝑓 , the normalized percentage difference between the model
estimated savings and the simulated savings calculated with EnergyPlus,
• the daily baseline 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 .
Each of these three metrics has a specific objective: the CV(RMSE)
calculated on a holdout set of the training data is a commonly employed
metric in the M&V setting to evaluate the goodness of fit of the model
and its ability to generalize to unseen data. The normalized difference
between the aggregated savings calculated with EnergyPlus and the
ones obtained using the data-driven models can be used for a quick
estimation of how well the models perform at estimating overall savings
across a whole year of operation. While the savings difference is really
intuitive in its interpretation, it does not provide information about the
accuracy of savings estimations on the daily scale. For this reason, the
baseline CV(RMSE) is also included in the analysis. These indicators are
described in detail in Section 2.4.2.
Figs. 10, 11, and 12 show the 𝐶𝑉 (𝑅𝑀𝑆𝐸), 𝑆𝑑𝑖𝑓 𝑓 and
𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 values obtained for the 54 buildings analysed, where

4.2. Case study 2
The results presented for the second case study are more focused
on the performance of the prediction algorithms, rather than on the
11
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Fig. 9. Predicted (baseline estimated) and real (simulated) consumption time-series for the reference building.

Fig. 10. CV(RMSE) distribution for the 54 buildings analysed in Case Study 1.

model, calculated on the test set, and the estimated savings for each
measure, both in 𝑘𝑊 ℎ and as percentage of the total reporting period
consumption:
The proposed methodology provides 2%–5% lower CV(RMSE) than
the TOWT case for all the three analysed buildings. In Fig. 13, the
overall fit of the model for Building 1 is also presented, showing high
GOF, similar to the one seen for synthetic data in case study 1.
For Case Study 2, the limited availability of monitoring data (less
than 1 year for training) did not allow to perform an analysis with
reduced training data. Also, the lack of simulated data for this case
prevents the comparison of the accuracy of the final savings estimations
for the two tested models.

intermediate results, such as profile pattern detection and temperature
dependence, which have been discussed in detail for case study 1.
While the first case study has the goal of showing that the proposed
methodology is able to provide actionable insights and accurately estimate energy efficiency savings, the objective of case study 2 is to prove
that the methodology works well not only in simulated cases, but also
with monitoring time-series data coming from real-world buildings.
Synthetic time-series data generated with simulation engines usually
does not include stochastic variability observed in the actual energy
use of existing occupied buildings, therefore it is important to test the
methodology for real-world use cases and ensure that it still provides
reasonable results with high goodness of fit.
For the three buildings and measures described in Section 3.2, the
methodology was applied and the results obtained were compared with
the ones provided by the TOWT model, implemented according to the
CalTRACK methodology. The TOWT results were calculated using the
Python library 𝑒𝑒𝑚𝑒𝑡𝑒𝑟 [37]. Table 4 summarizes the results obtained
for the three test cases. Similarly to case study 1, the table includes: the
optimal number of clusters representing the load profiles, the changepoint temperature and hysteresis of the building, the CV(RMSE) of the

5. Discussion
The two analysed case studies provide important results that showcase the proposed methodology’s strengths. The detailed single building
analysis of the first case study presents the additional insights that the
methodology provides, such as the consumption profiles clustering and
12
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Fig. 11. 𝑆𝑑𝑖𝑓 𝑓 distribution for the 54 buildings analysed in Case Study 1.

Fig. 12. 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 distribution for the 54 buildings analysed in Case Study 1.
Table 4
Results obtained for the three buildings in Case Study 2.
Building block

Building 1

Building 2

Building 3

Building information
Number of clusters
Change-point temperature [◦C]
Hysteresis [◦C]

7
20.8
3.2

7
21.7
3.8

7
21.2
3

Model metrics
CV(RMSE)
CV(RMSE) TOWT

13%
18.1%

9.1%
11.1%

7.8%
10%

Savings
Model estimated savings [kWh]
Savings estimated with TOWT [kWh]

18 592 (8.6%)
12 979 (6%)

16 644 (10.9%)
26 313 (17.2%)

108 619 (8.3%)
122 280 (9,3%)

13

Applied Energy 301 (2021) 117502

B. Grillone et al.

Fig. 13. Predicted (baseline estimated) and real (metered) consumption time-series for Case Study 2, Building 1.

real-world buildings. The CV(RMSE) of the model was below 10% for
two of the three buildings of case study 2, and below 15% for the third
one. Even though for this case study there is no simulated ground truth
to compare the estimated savings, it is still possible to see that even
with missing data, and the inherent stochastic variability of real-world
buildings, the proposed methodology is able to provide accurate results
with high goodness of fit.
The results from both case studies show an overall superior accuracy
of the proposed GAM-based methodology on the CalTRACK implementation of the TOWT model, which was taken as the industry benchmark.
There might be different factors driving this performance difference:
firstly, the proposed methodology implements different techniques to
accurately describe the energy usage of the building before modelling
the energy consumption and counterfactual. Secondly, the GAM-based
methodology is able to harness part of the post EEM application data
to increase the accuracy of the energy baseline model. Moreover, the
improved performance of the proposed model is also achieved thanks
to its ability to harness additional variables which are ignored by the
TOWT model, such as global horizontal radiation and wind speed, and
to aggregate and transform known variables into information valuable
for the prediction, such as typical consumption profile patterns and
weather dependence. Another feature that grants the proposed model
increased accuracy is the preprocessing that some of the explanatory
variables undergo, before being employed in the model. Specifically,
time features such as day of the week and time of the year are transformed using Fourier decomposition, and temperature is treated with a
low pass filter. Additionally, thanks to the weather dependence analysis
module, the weather variables are only included in the model for those
days when they are supposed to be affecting the building consumption.
Finally, the methods described in this article are specifically aimed at
estimating savings on the daily timescale, while the TOWT provides
hourly savings which can then be aggregated on a daily level. This
means that the TOWT model may have wider applicability, but lower
accuracy on the daily timescale.
On a more general level, the results show that with only the use of
consumption monitoring and weather data, the proposed methodology
is able to achieve low model errors, with CV(RMSE) lower than 15%
for all the buildings in both case studies. Regarding the availability
of the necessary weather data, accurate historical GHI data can be
obtained for European locations through the Copernicus Atmosphere
Monitoring Service (CAMS) [38]. Other weather services and APIs are
also available both in Europe and globally, providing historical wind
speed, GHI, and outdoor temperature data free of charge, some of them
are: DarkSky [34], Meteonorm [39], OpenWeatherMap [40]. Given the
relative ease of acquisition of the necessary weather data through different weather services and APIs, the proposed methodology is able to
accurately detect savings, having as only requirement the availability of

weather dependence analysis. The patterns and dependence detected
are coherent with the prior knowledge about the building and the
implemented measures, and represent actionable insights that energy
building managers can use to improve the operational efficiency of the
building. The CV(RMSE) values represented in Fig. 10 show that the
GAM based methodology represents a solid GOF improvement compared to the TOWT model, with lower median CV(RMSE) for each of
the analysed cases. It is also possible to see that the training reduction
from 12 to 9 months marks a definite increase in the model error for
the TOWT model, while in the GAM case the median error increase
between the 12 and 9 months case is almost negligible. Only in the
case of the hospital building, some isolated cases are performing better
in the TOWT case than in the GAM, but in terms of median error
and distribution, the GAM is still performing better. Fig. 11 shows the
savings difference 𝑆𝑑𝑖𝑓 𝑓 (defined in Section 2.4.2): while the 12 month
results are generally comparable between the two models, in two of
the three building typologies the training data reduction results into
a steep increase in the savings estimation error, with errors higher
than 10% of the total building consumption in some cases. While the
primary care centre seems to provide more robust results in this sense,
likely thanks to a reduced variance in the energy consumption values,
which makes it less prone to over-fitting when removing training data,
for the other two pilot buildings the TOWT model is characterized by
lack of robustness in the estimations, when working with less than a
full-year of training data. It is also important to note that the 𝑆𝑑𝑖𝑓 𝑓
parameter should not be blindly trusted, since good predictions of
aggregated yearly savings do not necessarily imply accurate daily baseline estimations. This is evident since a model that underestimates the
consumption during certain days of the time-series, and overestimates
it during others, will have the same aggregated result as one that
provides accurate daily baseline estimation for all of the analysed days.
In order to gain a deeper insight into the estimation capabilities of
the proposed methodology, and taking into account the mentioned
issues of the 𝑆𝑑𝑖𝑓 𝑓 parameter, an additional metric, 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿
was calculated for all of the 54 analysed cases. The 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿
distribution is shown in Fig. 12, and illustrates again the two trends
seen in Figs. 10 and 11: the median of the GAM model is always lower
than its TOWT counterpart and, for two of the three buildings, the
training data reduction marks a steep increase in the model error. While
in terms of overall aggregated yearly savings, the two analysed models
are comparable, with each seemingly performing better in certain cases,
the 𝐶𝑉 (𝑅𝑀𝑆𝐸)𝐵𝐿 distributions show that in terms of daily savings
estimations the GAM model is more accurate than the TOWT model
in the majority of the cases, with the TOWT model reaching very high
error values when the training dataset is reduced.
The results of case study 2 show that the proposed methodology
retains high accuracy also when used to analyse monitoring data from
14
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presented techniques on a large cluster of real-world buildings, in order
to assess how well the model generalizes to new buildings, and if the
predictive accuracy is similar to the one obtained with simulated data
in this study.

hourly electricity monitoring data. Including in the models additional
variables such as occupancy levels or technical details of the different
systems in use in the building is likely to increase the accuracy of
the savings estimation, but at the same time would highly reduce the
applicability of the methodology.
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In this article, an innovative methodology for the measurement
and verification process of energy efficiency savings in commercial
buildings was presented. The proposed approach has three main phases:
first a data-preprocessing phase, where different algorithms are used
to characterize the building and extract valuable information such as
typical electricity load profiles, change-point temperature, and climate
dependence. In the second phase, a generalized additive model is fit,
using daily consumption and climate data, as well as the variables
obtained in the previous phase, to estimate the baseline energy usage
of the analysed building. Finally, in the last phase, for each energy
efficiency measure applied, the savings are estimated as the difference
between the metered energy consumption and the estimated baseline
consumption for the same period. The presented approach was tested
to detect savings in two separate case-studies. The first case study
analyses three different building typologies over a three-year period.
The buildings’ electricity consumption time-series were simulated using
the energy modelling software EnergyPlus. Each pilot had a different
use (office, primary care centre, hospital), and they were simulated
with different climate conditions (oceanic, Mediterranean, continental),
and implemented EEM combinations, for a total of 54 unique simulated
cases. The second case study involves the analysis of monitoring data
from three real-world buildings located in Barcelona (Spain). In both
case studies, the model proved to be able to capture the dynamics of
the buildings, providing CV(RMSE) below 15%. For case study 1, the
median difference between the savings estimated with the proposed
methodology, and the ones obtained with the deterministic approach
never exceeded 3% of the total reporting period consumption. The
results were also compared to the ones obtained by applying the
time-of-week and temperature (TOWT) model, following the CalTRACK
methodology, with the proposed model showing overall superiority,
with up to 10% lower CV(RMSE) than TOWT in both case studies.
To conclude, four main strengths were identified for the proposed
methodology, linked with the ability of this approach to provide:
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