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Abstract 
Within the IEA EBC Annex 81 – “data-driven smart 
buildings”, the sub-task C3 – “Building-to-Grid (B2G) 
applications” focuses on developing an online platform to 
gather, evaluate, compare, present and promote concrete 
cases in which a building or cluster of buildings provide 
service to the energy grid such as demand response (DR). 
To that end, the sub-task addresses some important 
research gaps such as context, definitions and key 
performance indicators (KPIs) for building energy 
flexibility (EF) assessment and the heterogeneity of data 
representations in datasets of B2G services. It provides an 
overview of the data-driven KPIs for EF assessment, 
discusses open datasets of buildings performing DR, and 
proposes a framework to standardize KPIs’ definition and 
dataset collection. This framework uses semantic 
principles and a Python package to harmonize required 
and available data from KPIs and B2G datasets. It thus 
streamlines the computation of EF assessments, which are 
implemented in an online platform. This paper presents 
the results, conclusions and perspectives on B2G 
applications that can be drawn from sub-task C3. 

Highlights 
 Support implementation and assessment of B2G 

services in smart buildings 
 Overview of data-driven energy flexibility KPIs 
 Open-access datasets of buildings performing DR 
 Leverage the EFOnt ontology for data-driven 

assessment of building energy flexibility 
 Development of a Python package for data-driven 

assessment of energy flexibility 

Practical implications 
The sub-task C3 contributes to the assessment and 
standardization of B2G services by providing guidelines 
to select energy flexibility KPIs, leveraging and updating 
the semantic ontology EFOnt for energy flexibility, 
creating a Python package for computing these KPIs, and 
integrating it into an online platform together with open-
access DR datasets. 

Introduction 
In the current context of energy production shortage and 
continuous increase of the share of intermittent renewable 
energy sources in the energy grids, demand response (DR) 
and energy flexibility (EF) measures are attracting more 

Figure 1: Workflow of the IEA EBC Annex 81 - C3 sub-task on B2G services. 
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and more attention as they have been found to be a key 
solution to achieve sustainability goals, decarbonize 
energy and building sectors and ensure energy supply 
reliability (Li et al., 2021, Li et al., 2022, Li et al., 2023). 

Despite building energy flexibility being a trending topic 
of research over the last few years, most studies are based 
on simulations only. There is a clear lack of real-world 
study cases with open-access measurement data. In 
addition, there is still no clear agreement about how to 
assess the EF of buildings and energy end-users. This is a 
critical issue for the development of new legal 
frameworks and business models to enable full-scale DR 
of the building stock (Li et al., 2021). 

The sub-task C3 of the IEA EBC Annex 81 contributes to 
solving these issues by reviewing, testing and analyzing 
the numerous EF KPIs and identifying suitable data-
driven ones that can be used for assessing the DR 
performance of real buildings in operation. However, this 
activity goes beyond previous reviews of building energy 
flexibility KPIs (Li et al., 2021; Airò Farulla et al., 2021). 

The C3 sub-task aims to facilitate the standardization of 
B2G service assessment (see Figure 1). To this purpose, 
it proposes to categorize energy flexibility KPIs and 
provides guidelines to select the appropriate ones for 
specific applications. In addition, datasets of building 
performing B2G services that are suitable for DR 
investigations are collected, studied and promoted. This 
knowledge is employed to test and further develop 
“EFOnt”, a newly-introduced semantic ontology for data-
driven assessment of building energy flexibility (Li and 
Hong, 2022). This ontology serves as the basis for a 
proposed framework that uses semantic principles and a 
developed Python package to harmonize required and 
available data from KPIs and datasets and to compute EF 
assessments. In addition, to calculating various data-
driven EF KPIs, the Python package also enables pre-
treating the necessary building data and assessing and 
visualizing the performance of B2G services. To ease the 
adoption of such tools, the functionalities of the Python 
package are implemented in an online web tool which also 
provides and promotes open-access datasets of building 
performing DR. 

The participants in this project hope that these guidelines 
and tools will contribute to the standardization of the 
assessment of B2G services, foster the large-scale 
implementation of the latter, and ease conducting future 
studies on DR. 

Data-driven energy flexibility KPIs 
Although there are increasing studies on quantifying 
building energy flexibility, most of them focus on 
theoretics for non-existing buildings. Therefore, sub-task 
C3 conducted a holistic review of data-driven KPIs for the 
operational phase of commercial and residential buildings 
across scales (individual buildings, cluster of buildings, 
district). The review analyzes 81 data-driven KPIs from 
87 recent publications, categorizing and examining them 
according to type, complexity, scope, key stakeholders, 
data requirement, baseline requirement, resolution, and 
popularity. 

The review started by analyzing use cases for data-driven 
energy flexibility KPIs, in terms of their applicable 
building sectors, scopes, and assessment methods. It was 
found that (1) most studies focused on residential 
buildings (48.9%) and commercial buildings (28.3%); (2) 
application scopes are mainly single-building level 
(53.3%) and building cluster level (41.3%); (3) only 
25.8% of the existing studies involved real measurements, 
while 65.2% relied on simulations. 

The major constraints in quantifying energy flexibility 
through data analysis are twofold: (1) the lack of data-
driven approaches for generating both baseline and 
adaptable load profiles, which are necessary for 
calculating baseline-dependent key performance 
indicators (KPIs), and (2) the lack of KPIs that can be 
computed without baseline or reference scenario inputs, 
known as baseline-free KPIs. The literature review seeks 
to identify the most pertinent publications addressing 
these issues (see Figure 2). 

 
Figure 2: Classification of data-driven energy flexibility 

KPIs (Li et al., 2023). 

To better understand the landscape of data-driven 
building EF assessments, the 81 KPIs were then separated 
into 48 KPIs that are classified into 12 core EF categories 
and 29 KPIs in 4 generic building performance categories. 
Depending on whether baseline data is needed, the 48 core 
KPIs were further broken down into 9 baseline-free KPIs 
and 39 baseline-required KPIs. Those KPIs are suitable 
for one or more different flexibility modes, such as peak 
load shedding, load shifting, modulation, and onsite 
generation. Table 1 shows the high-level statistics of the 
KPIs. Table 2 shows the top 3 most popular data-driven 
baseline-required and baseline-free KPIs. The full 
categorization and KPI definitions can be found in the 
review article of Li et al. (2023). 

Table 1: Data-driven EF KPI categorization. 
Category Distinct 

KPIs 
Baseline-
required 

KPIs 

Baseline-
free KPIs 

No.  of 
studies 

Core: Peak power 
shedding 4 4 0 8 
Core: Energy / 
average power load 
shedding 

10 8 2 11 
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Core: Peak 
power/energy 
rebound 

3 3 0 5 

Core: Valley filling 2 2 0 1 
Core: Load shifting 6 2 4 14 
Core: Demand 
profile reshaping 3 2 1 4 
Core: Energy storage 
capability 3 2 1 11 
Core: DR energy 
efficiency 4 4 0 7 
Core: DR 
costs/savings 4 4 0 10 
Core: DR emission / 
environmental 
impact 

2 2 0 3 

Core: Grid 
interaction 3 2 1 3 
Core: Impact on IEQ 4 4 0 5 
Generic KPI: Energy 
efficiency 6 2 4 3 
Generic KPI: Costs 
and savings 4 1 3 7 
Generic KPI: CO2 
emissions / 
environmental 
impact 

2 2 0 3 

Generic KPI: Grid 
interaction 17 6 11 13 

Table 2: Top three most popular baseline-required and 
baseline-free EF KPIs. 

KPI Formula Type 

Energy 
Efficiency 
of Demand 
Response 

Action 
 

B
aseline- required 

Flexibility 
Savings 
Index  

Peak Power 
Shedding  

Flexibility 
Factor 

 

B
aseline- free 

Energy Shift 
Flexibility 

Factor 
 

Load Factor 

 

Data-driven methods to generate baselines 
As emphasized here above, most energy flexibility KPIs 
require a baseline (“normal” energy demand profile 
without DR). In practice, it is very rare for a building to 
generate both baseline and flexibility energy demand 
profiles, because of the difficulty to maintain boundary 
conditions (e.g., weather, occupants, operational 
schedule) identical with and without DR events. 
Consequently, a common practice to estimate the 
baseline, or a counterfactual energy demand when no DR 
event occurs. A good baseline estimation should be robust 
and transparent and limit the opportunity for market 
manipulation in the case of B2G services rewarded with 
baseline-required KPIs. However, there is no data-driven 
energy demand baseline generation method that, at the 
moment, outperforms others in all scenarios, especially at 
low aggregation levels (Peng et al., 2019). 

The most commonly used data-driven methods that are 
applicable for single-building and district energy demand 
baseline generation are listed hereafter. 

The control group methods consist in constructing a 
baseline from monitoring data of buildings that are similar 
to the target ones, are subject to equivalent boundary 
conditions, but do not perform any DR at the time of 
evaluation. 

The averaging methods (a.k.a. similar day look-up 
approach or XofY) are simple and common load 
estimation techniques. Among these, the popular 
HighXofY takes the average load of the X highest demand 
days from a set of Y admissible days prior to the DR 
event. 

Regression models, such as autoregressive models 
ARMA or ARIMA, GAM (Generalized Additive Model) 
or LASSO (Least Absolute Shrinkage and Selection 
Operator), are often employed to perform load forecasting 
due to their robustness. However, they require relatively 
large historical data to be fitted correctly. 

More recently, shallow machine learning methods, such 
as support vector machines for regression (SVR), extreme 
gradient boost (XGBoost) and random forest, and deep 
machine learning methods, such as deep neural networks 
(DNN), long short-term memory (LSTM) and time-delay 
neural networks (TDNN), have gained popularity for 
building energy profile forecasting. Nonetheless, DNN 
methods also often require a large amount of training data 
to outperform more simple and robust statistical methods. 

Finally, hybrid models combining these different 
approaches have also been developed to load demand 
forecasting. 

Available datasets of buildings performing 
demand response 
While a shared definition of energy flexibility metrics is 
essential for comparing and benchmarking energy 
flexibility applications at scale, access to diverse datasets 
is another critical matter. Although many related studies 
have produced simulation or monitoring data to test their 
hypothesis, there is still a need for getting access to their 
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datasets which can support the actual testing and 
understanding of such metrics. 

In an effort to gather datasets, a collection campaign for 
building energy flexibility data (in the form of time series, 
along with the appropriate metadata and case description) 
was launched. The collection process was based on: (1) a 
search of publicly available datasets and data platforms 
(e.g., Kaggle, Data-in-Brief); (2) open calls published on 
online platforms, social networks and shared with IEA 
EBC Annex 81, 82, 83, and 84; and (3) personal contacts 
to lead investigators of research studies being considered 
within IEA EBC Annex 81 and 82 activities. From a total 
of 330 datasets identified, 16 have provided descriptions 
for their datasets, most of which are or are about to be 
open access. 

Table 3: Primitive variables required by the KPIs vs 
available in the collected B2G datasets. 

Primitive 
variables 

% required by 
KPIs 

% available in 
datasets 

Event timing 37.66% 18.75% 

Energy consumption 35.06% 81.25% 

Power demand 32.47% 6.25% 

Event request action 24.68% 37.50% 

Price signal 16.88% 50.00% 

Energy generation 12.99% 25.00% 

Event request size 11.69% 0.00% 

Indoor temperature 5.19% 93.75% 

Thermostat setpoint 5.19% 62.50% 

Emission signal 3.90% 12.50% 

Storage volume 2.60% 0.00% 

Monetary incentives 2.60% 0.00% 

Occupancy 1.30% 56.25% 

Indoor CO2 1.30% 12.50% 

The 16 collected datasets represent a wide variety of 
building energy flexibility studies. They include data 
from real monitored buildings, hardware-in-the-loop 
setups, and numerical simulations from locations in North 
America, Europe, Australia and South Africa. All 
building typologies are represented, including non-
residential buildings, residential buildings, and clusters 
combining both types. While most datasets are associated 
with electrical grids, only a few are connected to district 
heating networks. Most DR schemas are based on time-
of-use, real-time pricing, and flat-rating pricing tariff 
programs/structures. Some of the datasets are based on a 
time duration of one to four years and others of one to four 
months; two datasets were accepted exceptionally, with 

only a few days of data. The temporal resolution 
(sampling rate) of the datasets ranged from one minute to 
sub-hourly and hourly. The majority of the datasets have 
less than 1% of missing data points. 

Despite the limited output size of the data collection 
process, it is still feasible to infer a number of trends 
regarding application services for these case studies. Load 
shifting and load shedding were the most common 
flexibility modes, whereas Heating, Ventilation & Air 
Conditioning systems were the most frequent resource to 
deliver flexibility, often triggered by temperature 
adjustments. The control strategy was often multi-
objective; the most typical ones were to reduce peak 
demand, minimize energy costs, and maintain thermal 
comfort. 

From the primitive variables required for calculating the 
KPIs, the most commonly available across datasets are 
indoor temperature, followed by end-use energy 
consumption, thermostat setpoints, occupancy and price 
signal (see Table 3). Since event timing and power 
demand are among the most critical variables required by 
the KPIs, and most datasets do not include them, 
additional modelling and calculations are needed to derive 
them. For instance, the price or emission signal can be 
used to define event timing and energy consumption to 
determine power demand. 

Overall, based on the data requirements from the core 
KPIs and data availability of the datasets, the three most 
easily calculated are demand response energy efficiency, 
demand profile reshaping and energy/average power load 
shedding. It is interesting to note that the value of a dataset 
for KPI calculation does not increase with the number of 
variables it contains. While some datasets have many 
variables, they may not have the most common required 
by the KPIs. 

Due to the low response rate, confidentiality concerns, 
and a lack of dataset documentation, the collection of 
datasets has been a difficult undertaking. However, the 
authors’ efforts to collect more datasets to be evaluated 
against the reviewed KPIs continue. The authors would 
like to encourage researchers to share their data and thus 
support best scientific research practices. 

A semantic ontology for data-driven 
assessment of energy flexibility 
With the digitalization of the building industry, there is a 
growing need for efficient communication and data 
exchange among different software and hardware 
platforms. Many efforts have been made to improve 
technical and semantic interoperability in building design, 
construction, and operation phases. 

Consequently, various data models, data dictionaries, 
schemas, and domain ontologies have been developed and 
applied for domains such as Building Information 
Modelling (BIM), building energy modelling, building 
automation & control, etc. Despite existing efforts and 
data tools, none of them can fully facilitate research and 
applications of building energy flexibility, which is still 
an emerging domain. Recently, Li and Hong (2022) 
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reviewed the gaps in existing data tools and schemas for 
building energy flexibility-related applications and 
developed the semantic ontology “EFOnt” 1 with the goal 
of serving as a tool for knowledge co-development and 
streamlining applications in the building energy 
flexibility domain. An important aspect of EFOnt is to 
synthesize KPIs from existing literature and provide 
standardized definitions, data requirements, and 
calculation procedures for building energy flexibility 
quantification applications. For example, Figure 3 shows 
the semantic description of the relationship between the 
flexibility factor KPI and its input variables. 

 
Figure 3: Semantic description of the flexibility factor 

KPI and its input variables in EFOnt. 

As previously mentioned, the researchers participating in 
sub-task C3 have collectively reviewed and categorized 
data-driven energy flexibility KPIs from recent 
publications. The following activity is to extend and 
enhance EFOnt to include those KPIs and showcase how 
it can support data-driven building energy flexibility 
quantification with building operation data. This section 

 
1 https://raw.githubusercontent.com/LBNL-
ETA/EnergyFlexibilityOntology/main/ontology/EFOnt.tt
l 
2 https://brickschema.org/ontology 

briefly introduces the ongoing efforts to use EFOnt and 
other semantic ontologies to streamline building energy 
flexibility quantification. 
A key advantage of using the EFOnt ontology for the 
energy flexibility domain is that it can be linked with other 
ontologies that represent various useful knowledge 
domains. This ability to link with other ontologies which 
already have relevant concepts is beneficial in terms of 
reusability, interoperability, knowledge sharing and 
semantic integration. For instance, the Brick2 ontology 
covers many aspects of the building automation domain, 
including sensors, energy meters and the time-series data 
associated with them. Datasets used for KPI calculations 
are generally extracted from energy meters and sensors 
connected to a BMS and contain various ambiguous 
identifiers. Brick ontology provides context to these 
identifiers by providing them with formal definitions such 
as the type of sensor, which equipment that they belong 
to and where the sensors are installed.  Figure 4 shows 
how EFOnt, Brick and other ontologies, such as  QUDT3, 
EM-KPI 4  and Time 5 , can potentially be integrated to 
provide a standard and extensible data model for energy 
flexibility applications. 

EFOnt and other relevant ontologies enable creation of 
semantic data models that can facilitate standardization in 
terms of KPI definitions and data specifications, data 
collection, pre-processing, KPI calculation and 
visualizations. Figure 5 shows a typical data-driven 
energy flexibility quantification process where the scope 
of Annex 81 C3 is applied. The green and blue shaded 
areas represent scopes where C3 activity aims to improve 
via semantic interoperability and the python library. To 
enable this work, the current Annex 81 C3 activity has 

3 https://qudt.org/schema/qudt/ 
4  http://energy.linkeddata.es/em-kpi/ontology/index-
en.html 
5 https://www.w3.org/TR/owl-time/ 

Figure 4: Proposed alignment between EFOnt, Brick and other ontologies. 
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focused on standardizing KPI definitions, required 
variables and their units, and the KPI formulas. These 
definitions will be used in both the enhanced EFOnt and 
the Python library. 

 
Figure 5: Data-driven energy flexibility quantification 

process and Annex 81 C3 scope. 
Python package for data-driven assessment 
of energy flexibility 
The different building stakeholders, including 
homeowners, tenants, building managers, policymakers, 
utility companies, and other grid operators, utilize 
different KPIs to ascertain the viability of new 
technologies, policies, demand response programs and 
control strategies. However, to the best of the authors' 
knowledge, there is currently no software solution that 
provides comprehensive energy flexibility KPI reporting 
using a standardized energy flexibility ontology. Thus, we 
provide “energy_flexibility_kpis”, an open-source 
Python package based on the EFOnt semantic ontology 
for the calculation, reporting and visualization of data-
driven energy flexibility KPIs. This package has been 
developed using a continuous integration and continuous 
deployment approach involving exhaustive testing and 
adheres to Python PEP8 styling conventions for source 
code reliability. 

Two example use cases of the energy_flexibility_kpis 
package are highlighted in Figure 6. In use case 1, a user-
facing dashboard is used to ingest a dataset of a system, 
building or district that is performing energy flexibility. 
The dashboard backend applies energy_flexibility_kpis to 
the dataset and displays calculated KPIs. Alternatively, in 
use case 2, a simulation environment engine or emulators 
such as EnergyPlus, CityLearn, or BOPTEST, interfaces 

 
6 https://project-haystack.org/ 

with energy_flexibility_kpis to report simulation 
performance or benchmark control algorithms. 

Provisions are made for an interface to aid the mapping of 
datasets variables that either can follow other semantic 
ontologies, e.g., Brick or Haystack6, to EFOnt, or to be 
declared in a metadata mapping template. Necessary 
utility functions that preprocess and transform custom 
dataset variables into primitive variables that are 
compatible with the functions are included in the package. 
A Jupyter notebook is also provided in the repository that 
includes example implementations of the 
energy_flexibility_kpis package to guide users on how to 
make use of its functions. The package will be distributed 
to the building community via pypi.org. 

 
Figure 6: Example use cases of the 

energy_flexibility_kpis Python package. 
Online web-tool for data-driven assessment 
of building-to-grid services 
To showcase B2G services and ease the use of the 
building energy flexibility assessment tools presented 
here above, the Python package and data analysis 
workflow will be implemented in an online web-app. In 
addition, the collected open-access datasets of buildings 
performing DR will be listed and loaded onto that web-
app. One can thus easily select those B2G service cases 
and perform energy flexibility assessment and 
comparison with all KPIs implemented in the Python 
package. 

This web-app is developed with “Dash”, an open-source 
Python framework for building data visualization 
interfaces and dashboards. 
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Summary 
In summary, Annex 81 sub-task C3 aims to streamline the 
energy flexibility quantification for B2G applications for 
different stakeholders. The efforts include the literature 
review of data-driven EF KPIs, ontology development for 
enhanced interoperability in EF quantifications, and the 
development of open-source software packages for 
standardized KPI calculations. Figure 7 shows the 
envisioned process of data-driven EF quantification and 
reporting. Specifically demonstrating 1) the import of the 
time series datasets, filter options for KPI search and 
potential setting specifications at the user interface in the 
web application, 2) the import of semantic models for 
metadata mapping, with the option for the manual 
definitions in a template for cases where there are no 
models available, 3) the semi-automated analysis for both 
metadata and time series data for semantic and quality 
verification to filter suitable KPIs, and 4) the selection of 
desired KPIs by the user with the automated data 
processing, baseline generation and KPI calculation at the 
Python package. This process aims to link all the efforts 
of our activities towards standardising the assessment of 
B2G services. 

Conclusions and outlook 
The contributors of the IEA EBC Annex 81 sub-task C3 
hope that these results, recommendations and tools will 
enhance the large-scale development of B2G services for 
all types of energy grids and networks. 

In this paper, a set of preliminary tools are presented to 
dive deeper into assessing what KPIs are adequate and 
how we propose to evaluate B2G services from different 
buildings. The necessary prior steps to make a more 
systematic KPIs analysis are defined, including the 
standardization of data definitions from both the KPIs and 
the datasets. 

Enabling simpler KPI computation through a web-app 
based on a Python package standardized by a well-defined 
semantic ontology could be an extremely effective way to 
promote best practices and standardize B2G services 

assessment within the energy and building communities. 
By providing a user-friendly interface and readily 
available examples, researchers can reuse energy 
flexibility metrics to assess their own study cases. This 
could result in greater standardization and scalability of 
the domain applications. 

The showcasing and standardization of B2G services are 
one of the first key steps to unlocking barriers in the 
implementation of the former. The EFOnt ontology and 
the promotion of open datasets will guide future R&D 
projects studying DR on how to structure datasets and 
how to select features to maximize usability and 
usefulness. 

Moreover, it will foster the development of new legal 
frameworks, technical solutions and business models for 
the large deployment of B2G services in future 
sustainable smart energy grids dominated by renewable 
energy sources. 
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