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ARTICLE INFO ABSTRACT
Keywords: The availability of computational power, and a wealth of data from sensors have boosted the development of
Guideline documentation model-based predictive control for smart and effective control of advanced buildings in the last decade. More

Occupant behavior model
Building control
Model Predictive control (MPC)

recently occupant-behavior models have been developed for including people in the building control loops.
However, while important objectives of scientific research are reproducibility and replicability of results, not all
information is available from published documents. Therefore, the aim of this paper is to propose a guideline for
a thorough and standardized occupant-behavior model documentation. For that purpose, the literature screening
for the existing occupant behavior models in building control was conducted, and the occupant behavior
modeling processes were studied to extract practices and gaps for each of the following phases: problem state-
ment, data collection, and preprocessing, model development, model evaluation, and model implementation.
The literature screening pointed out that the current state-of-the-art on model documentation shows little uni-
fication, which poses a particular burden for the model application and replication in field studies. In addition to
the standardized model documentation, this work presented a model-evaluation schema that enabled bench-
marking of different models in field settings as well as the recommendations on how OB models are integrated
with the building system.
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1. Introduction

Building energy consumption has been proven to be a systematic
procedure comprehensively influenced by not only engineering tech-
nologies but also cultural concepts, occupant behavior, social equity,
etc. Occupant behavior (OB), discussed in this paper, refers to occu-
pancy presence and the number of people in the spaces of a building, and
human building interactions, such as window and blind operations,
turning on/off lighting, as well as thermostat adjustment and use of
electric appliances. As, occupants are one of the major factors that in-
fluence energy consumption [ [1], p. 79], depending on the level of
building automation, the inclusion of the occupant-behavior modeling
in building controls could lead to optimized building operation and
reduced energy consumption [2,3]. Furthermore, the inclusion of
human-building interaction [4] or OB in the control loop [5] could lead
to a higher thermal comfort level and a general increase in occupants’
satisfaction with the indoor environment.

However, OB models are rarely included in building controls, despite
the vast scientific evidence that considering OB in building energy
management could lead to optimized building performance [6]. Prior
research studies show that the reason for the limited field applications of
OB models could be the lack of OB model standardization and clear
documentation [7,8], which results in models’ limited replicability. The
development of OB model standardization can enable easy integration
and compatibility with existing or new building automation system
(BAS). For instance, the inputs and outputs of OB models can be mapped
with sensors and objects in BAS to enable occupant-centric building
controls. Additionally, this standardization will ensure that the func-
tionalities and requirements of an OB model are in alignment with
building control requirement.

1.1. Existing reviews

The state-of-the-art, as well as an overview of related reviews that
focus on OB modeling, are presented by Refs. [9-12], while the human
dimension of energy consumption is reviewed by Ref. [13]. As
concluded in the work by Carlucci et al. the predictive OB models are
emerging, and this trend is evolving in parallel with the rise in the
number of data-driven OB models. In this place, such predictive nature
of data-driven OB models makes them promise for the application in
advanced building controls such as model-based and model predictive
controls. For the detailed revision of OB in the context of building
control the reader is referred to Refs. [7,14-16]. Furthermore [17],
reviewed occupant-centric control strategies, while the OB modeling
was not in the particular focus of the latter work.

Complementary to the reviews of general OB modeling, the OB in the
context of building simulation and in the context of building control has
also been the focus of several recent studies [18-22].

1.2. Contribution of this paper

This work aims to fill the gaps required for the inclusion of OBs into
building control, by proposing a guideline for model documentation and
evaluation based on a comprehensive review of the scientific evidence
and current state of technology. Since the building control and OB
modeling were researched separately during the past years, the litera-
ture evidence did not provide a clear set of OB models that are developed
and implemented in building control. For instance, OB models were
commonly developed with a mentioned practical application for HVAC
control, general building automation of smart buildings. However, the
existing literature evidence does not provide clear recommendations, on
which OB models can be used in building control and how to document
these models for their real-world deployment. In order to bridge the gap
between the two communities, we relied on our best domain expert
knowledge and considered the OB models that are applicable to the
building control.
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From the control side, we put the spotlight on the OB models for the
application in rule-based and more advanced control such as model
based predictive controls. Further adaptive control paradigms that could
include, but are not restricted to reinforcement learning, are not
considered in the scope of this work. In this place, comprehensive and
unified model documentation is required for model standardization and
wide applicability. This model documentation also includes the guide-
line for suitable model performance evaluation, which is of crucial
importance for the realistic presentation of the model’s capabilities. In
summary, this study aims to: (1) standardize OB model documentation
to promote transparency through clear communication among re-
searchers, reproducibility of experiments, (2) help researchers to select
and adopt suitable models to fit their research needs, and (3) help re-
searchers to understand the prerequisite, performance, application of
the models they intend to use. In order to fulfill these goals, this work
focus on the following research questions:

(1) How are occupant models for real-time/predictive controls
currently documented in the scientific literature?

(2) How should occupant models be documented and implemented?

(3) What are the evaluation metrics for different occupant behavior
models?

(4) What are the software platforms for future researchers to eval-
uate/validate their models?

2. Methodology
2.1. Guideline development

This section documents the development of the proposed guideline.
As Fig. 1 shows, four major parts are included in this guideline: 1) Model
description and applications which describes information representa-
tion, model inputs and output, and domain of applicability; 2) Model
development detailed out data preparation, modeling formalism, and
gaps in current model development documentation; 3) Model evaluation
provides guidelines of selecting performance metrics which include
absolute metrics, domain metrics, and indirect performance metrics; 4)
Finally, in model implementation, we discussed the computational
environment, computational time, experiment setup, and integration
into MPC.

1. 2
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Fig. 1. Overview of the guideline development.
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2.2. Review approaches and structure of the article

Based on an in-depth literature review process, this article aims to
provide a guideline for a thorough and standardized occupant-behavior
model documentation. The review focuses on six different categories of
OBs, including Appliance Use, Lighting Operation, Occupancy Estima-
tion and Prediction, Shading Operation, Thermostat Adjustment, and
Window Operation. The literature search was conducted in Google
Scholar with “Building” plus the aforementioned categories as key-
words. Following the pre-defined categories, all the related literature
was selected. Among those literature, OB models were reviewed from
different perspectives, such as model description and applications
(Section 3), model development (Section 4), model evaluation (Section
5), and model implementation (Section 6). We discussed our findings
and future challenges in Section 7, and Section 8 concludes this paper.

3. Model description and applications

In order to answer the first research question, we have conducted a
review on how current OB models are presented. The description of an
occupant model typically includes three parts: information representa-
tion, model inputs, and model outputs. We will discuss those elements in
the following sections. In addition, the domain of applicability is
reviewed as well.

3.1. Information representation

Several ontologies and schemas, such as Industry Foundation Class
(IFC), Green Building XML (gbXML), BPD Ontology, Brick, ASHRAE
201,. Have been developed to organize knowledge and structure data by
describing both static (e.g. building geometry) and dynamic building
data (e.g. time series temperature data) about building technical system,
equipment, sensors, and corresponding relationships [23]. Each
ontology or schema has its own focus area. For example, gbXML has
been used to represent mostly energy performance simulation models
with detailed material properties and geometries. BPD Ontology and
Brick focus more on building operation data, which is typically
measured by physical sensors and has a relationship with its location
and measurement type. All ontologies or schemas aim to describe data
and their relationship with building’s devices. However, it is concluded
that there is a lack of detailed documentation on existing data sets and
models mostly due to the lack of guidelines as described in the discus-
sion section. In addition, there is no metadata schema or ontology that
can represent the full spectrum of occupant behavior models. For
example, the occupant presence potentially could be represented by IFC
as the “Timeseries” and attached to the “IfcOccupant” Class. However,
the description of other occupant behaviors is very limited. Another
necessary part of the occupant behavior modeling is a systematic
description of input variables and parameters, prediction horizon or
time interval. According to the review done by Na [8], eight out of 24
selected data tools can represent indoor and outdoor environmental
data; however, none of the existing tools can store occupant behavior
model parameters, unfortunately.

Furthermore, the terminology is an essential part of information
representation. Na [8] concludes that only three data tools have defined
terminology for occupant behavior-related data, which are ADI [24],
Brick [25], and Project Haystack [26]. Within those three different
metadata schemas, they have different naming for the same building
component. The current lack of standardization in the names of sensors
in commercial buildings creates challenges not only for occupant
behavior modeling but also for building data integration and interop-
erability in general. There is a need to adapt different naming from the
schemas and ontologies to have a unified naming guideline when doc-
umenting occupant behavior models.
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3.2. Model inputs and outputs

The current section details the inputs (independent variables) and
outputs (dependent variables) used in the OB models reviewed in the
current work. The information is presented for the six main categories of
behaviors considered in the models: (1) Appliance use, (2) Lighting
operation, (3) Occupancy estimation and prediction, (4) Thermostat
adjustment, (5) Shading operation, and (6) Window operation.

Fig. 2 presents a count of the inputs and outputs used when modeling
appliance use (left side of the figure) and lighting operation (right side of
the figure). Starting with the former, the most commonly studied out-
puts are predicting the multi-state of appliances, or their energy con-
sumption levels. The most frequent inputs used to predict the mentioned
output are mostly the plug-load energy (i.e., historical data used to
predict future use), followed by the space’s occupancy status (i.e., using
occupancy presence/absence information to predict appliance usage).
As for lighting operation (Fig. 2, right), the most frequent outputs are the
state (either binary or multi-state) and the operation time. Illuminance
levels, occupancy status, and power consumption of other systems (e.g.,
plug-loads) are the main inputs used to model lighting operation.

Fig. 3 summarizes the inputs and outputs used in occupancy esti-
mation and prediction (left side) and thermostat adjustment (right side).
Starting with occupancy models, the two most dominant outputs are the
presence status (binary) and the number of occupants. Unlike the pre-
vious target behaviors, a wide variety of inputs is used to predict oc-
cupancy, including historical occupancy patterns, motion detection,
power usage, and indoor environmental measures (e.g., illuminance,
temperature, relative humidity, CO2, and VOC levels). As for thermostat
adjustment (Fig. 3, right), the temperature setpoint setting is the most
frequent target variable. Other outputs include indoor temperature, the
probability of adjusting thermostat settings, and energy consumption.
Here again, various parameters are used as predictors for these models,
such as indoor/outdoor temperatures and humidity, solar radiation,
CO2 levels, hour of the day, and electricity load and price.

Fig. 4 presents the count of inputs and outputs used in models of
shading operation (left side) and window operation (right side). For
shading operation, the listed outputs are all well represented in the
reviewed models. They include the shading state (binary or multi-state),
the probability of having blinds up or down, and the portion of blinds up
or down. The predictors of the stated outputs are primarily environ-
mental in this case, namely indoor/outdoor temperature, illuminance,
and solar radiation. Moving to the right side of Fig. 4, the most
considered output of window operation is the probability of window
state, followed by the probability of taking action (e.g., opening/closing
a window) and the portion of a window open, respectively. Here again,
the inputs to such models are mostly environmental, namely indoor/
outdoor temperature and humidity, wind speed and direction, solar
radiation, rainfall, and concentrations of CO2 and particulate matter.

3.3. Domain of applicability

This section details how the spatio-temporal domain is documented
in the OB models reviewed in the current work. The temporal dimension
is represented by time granularity, prediction horizon, and control ho-
rizon. While the spatial dimension is represented by the space (e.g.,
room, floor, building level) the OB model is addressing.

The time granularity is the time-step or shortest time window
operation from which the information regarding the occupant’s
behavior is used for prediction (e.g., presence model in 15-min resolu-
tion). Fig. 5 shows the distribution of the availability of this information
in the reviewed papers according to each target behavior. Models of
lighting operation are the least documented in terms of time granularity.
For the other target behaviors, about 30% of the papers do not report the
used time discretization information. Sometimes, the time-step is not
explicitly documented because the authors imply that the time granu-
larity of the model is the same as that of the sensed data. The
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Fig. 3. Count of inputs and outputs used in models of occupancy (left) and thermostat adjustment (right) behaviors.

documented time granularities cover a broad range from less than 1 min
to hours (Fig. 6). This depends on several factors, including the granu-
larity of the sensed data available, the temporal range in which the
change of behavior in question occurs, and the envisaged predictive
horizon. A time resolution between 10 and 19 min is the most frequently
adopted.

The predictive horizon is the time horizon over which the OB is
modeled. The predictive horizon is much less documented than the time

granularity (Fig. 7) and covers a wide range of values, from less than
1-24 h (Fig. 8). This is to be expected since it is strongly dependent on
the controlled variable. For example, the predictive horizon for building
predictive HVAC control is related to the type of heating and cooling
system and can be relatively long for radiant floor heating systems
compared to air-based ones, the response time of which is very fast.
The control horizon is the time horizon over which the control var-
iable is modeled. The control horizon is commonly equal to or longer
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Fig. 5. Availability of the time granularity according to the target behavior.

than the predictive horizon. The control horizon is explicitly docu-
mented in only 5% of the reviewed papers. The lack of this information
can be explained by the fact that the great majority of the reviewed
papers propose OB models as an input for model predictive control
(MPC) but do not actually apply it in predictive control. However, the
practical implementation of these OB models in the field is currently
lacking.

Regarding the space granularity, i.e. the space (room, floor, building
level) the OB model is addressing, a majority of occupancy, shading, and
lighting models have been developed only at room level (Fig. 9). Instead,
appliance use, window operation, and thermostat adjustment models

Target Behaviour

Fig. 6. Distribution of the time granularity in minutes according to the target
behavior. (If a model was developed with more than one time-step; only the
smallest was considered in the figure).

have been mostly addressing the building level that, for the residential
case, corresponds to an entire house. Only a minority of OB models have
been addressing a lab-based installation, such as a test cubicle.

4. Model development

To develop an occupant model, one needs to prepare raw data into a
format that can be used for modeling data (4.1) and identify a modeling
method or algorithm that is applicable and practical for a particular
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problem (4.2). In this section, we will review diverse approaches and

techniques employed in occupant models and discuss gaps in current
research and development in this field (4.3).

4.1. Data preparation

Data used in occupant modeling is often collected in different
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structures, granularities, and volumes as described in section 2. Hence, it
is important to prepare or preprocess the raw data into a format that is
suitable for intended analysis and modeling [27]. Preprocessing can
include, but is not limited to, the following steps:

1. Cleaning and imputing the missing and corrupt data, outliers by
discarding or replacing them with inferenced values (e.g., moving
average, mean, or median) to be easily parsed by machine;

2. Reducing data dimensions using row-wise for data sample reduction
or column-wise for data variable reduction and random sampling
methods;

3. Data scaling using min-max normalization [28], distribution-based
standardization [29], or structure-based techniques [30] to scale
the data into a consistent range;

4. Feature creation to construct new variables of existing features for
data analysis;

5. Data partitioning using supervised (e.g., decision tree [31]) and
unsupervised techniques (e.g., k-means [32], Gaussian Mixture
Models [33]) to divide the dataset into the test and training subsets
to evaluate the trained model based on the test set;

6. Merging data from different sources with various time intervals
within time-series data.

Preparing data is often the most time-consuming portion of data-
driven modeling. Yet, only a few studies in the reviewed literature
describe the data preprocessing methods used for occupant models. The
examples are as follows. Jin et al. [34] used the confusion matrix to
evaluate the quality of PIR sensor data and remove inaccurate occu-
pancy states. Q-test was used to identify outliers [10]. To handle the
missing values, Yu et al. [29] used the moving average method to fill in
missing entries. Also, they calculated the SHapley Additive exPlanation
(SHAP) values of each feature to reduce the HVAC operation data di-
mensions. Ashouri et al. [28] employed min-max normalization to
standardize energy consumption data. K-means clustering was used to
recognize distinct air handling unit operation patterns and group the
BAS data accordingly [29]. In another study, hierarchical clustering was
conducted to extract the occupancy patterns in the building and create
new features for occupancy models [35]. Given that methods and as-
sumptions used in the preprocessing stage can affect data analysis and
prediction outcome, there needs to be a concerted effort to document
detailed preprocessing steps in future studies.

4.2. Modeling formalism

In this section, the models’ category distribution is presented for
each target behavior. The modeling categories were defined based on
the state of the research: deterministic rule-based models, statistical/
stochastic, and data-driven [36]. Rule-based models are the deductive
models that use an a priori set of rules for describing occupant behaviors
in building models, including deterministic models and schedules. The
statistical/stochastic is stochastically modeled the OB to represent the
various behaviors among the population [9], potential change over time
[18], and complexity [10]. These models are commonly represented by
statistical models such as a-priori probability density functions [37]. The
third modeling formalism is the data-driven modeling, where the focus
was put on computational intelligence or machine learning without an
explicit aim to explain the relationship between the input variables and
the OB [38]. It includes the ML models and ABM.

The reviewed OB models for building control are screened for the
used modeling formalism, and the results are presented in Fig. 10.

The data-driven methods are the most used. The second most
implemented category is represented by statistical models that have
been applied especially to model windows operation (80%). Rule-based
models’ category has been applied mainly for shading and has not been
tested for appliance use and window operation behavior. Some docu-
ments did not provide information about the implemented models. It
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Fig. 10. Distribution of the model categories according to the target behavior.

happened for occupancy, lighting, and shading behavior in a percentage
of 8%, 17%, and 8%, respectively.

Fig. 11 deepens the most adopted models in the target behavior,
considering those with a percentage higher than 10%. Regarding the
rule-based category, most of the reviewed studies do not provide
detailed information on the models used, merely defining their
belonging category. Schedules have been implemented in around 40% of
the cases related to lighting usage.
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About the statistical models, the Markov chain appeared the most
adopted for occupancy and thermostat adjustment; Markov chain Monte
Carlo models have been often implemented for modeling lighting use.
Regression models have been mainly found in the case of window and
shading operations with a percentage of around 74% and 100%,
respectively. Often, information on the adopted model was not pro-
vided, as in the case of appliance usage (67%).

Regarding the data-driven models, neural networks (NN) have been
the most common. Control logic and fuzzy logic were utilized with the
same percentage of neural networks (around 20%) for shading opera-
tion. Similarly, also in the case of appliance use, clustering and long
short term memory (LSTM) were implemented with the same percentage
of neural networks.

Fig. 12 provides the distribution of models’ categories in six building
types. Rule-based modeling has been mainly applied in commercial
buildings for occupancy, lighting, and shading operation. Furthermore,
they have been implemented in residential buildings for occupancy, in
educational buildings for lighting, and in institutional edifices to model
shading operation. The statistical approach has been principally used in
residential buildings and prevailed in the case of thermostat, appliance
use, and window operation; the application in commercial buildings was
diffuse in case of occupancy, shading, and window behavior. In the case
of lighting, the implementation of statistical models was equally
distributed in residential and commercial buildings. Moreover, statisti-
cal models are diffuse to predict occupancy and window operation in
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Fig. 11. Most adopted models according to the target behavior and the model categories (rule-based, statistical/stochastic, and data-driven).
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Fig. 12. Model categories (rule-based, statistical/stochastic, and data-driven)
according to the target behavior and building typology.

educational edifices, whereas appliances use in laboratories.

The data-driven category found notable implementations in com-
mercial buildings for lighting, shading, and window operation in both
residential and commercial buildings for thermostat adjustment and
appliance use. Educational buildings prevail for occupancy modeling,
and laboratory edifices for shading operation. Other buildings typol-
ogies, such as religious and institutional buildings, have been rarely
investigated for occupancy, lighting, and appliance use.

Fig. 13 presents the model categories distribution considering the
space granularity. In general, shading and occupancy behavior have
been investigated at room level and lighting in offices.

On the other hand, thermostat adjustment and appliance use have
been modeled in apartments as they are principally studied in residential
buildings.

Occupancy is also frequently detected in buildings, whereas lighting
operation has been modeled considering more varied space typologies:
controlled environments, such as laboratories and test chambers,
classrooms, and offices.

Fig. 14 presents the model categories distribution considering the
time granularity. Generally, rule-based models were developed collect-
ing occupancy data with a time step minor than 10 min, whereas the
temporal time step was prolonged and longer than 60 min in case of
shading behavior. In statistical models, occupancy, thermostat, and
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Fig. 13. Spatial granularity in model categories (rule-based, statistical/sto-
chastic, and data-driven) according to the target behavior.

window were commonly detected with a time step minor than 20 min.
Lighting operation behavior was mainly modeled by data collected with
a temporal step minor than 10 min. In the data-driven category, the time
step used for appliances usage detection was generally equal to 45 min.
For the other behaviors, brief time steps, less than 20 min, were also
utilized.

4.3. Gaps in model development documentation

Scientific research should be ‘reproducible and replicable’. Repro-
ducibility ‘means obtaining consistent results using the same input data,
code, computational steps, and conditions’ while replicability ‘means
obtaining consistent results across studies aimed at answering the same
scientific questions using different data (https://www.nap.edu/catalo
¢/25303/reproducibility-and-replicability-in-science). Reproducibility
is challenging to attain because it involves sharing the data, which may
be nowadays limited by, for instance, personal data protection needs
and privacy issues. Replicability could be easily achievable compared
with reproducibility. However, it demands documenting the steps un-
dertaken in the development of the model in a transparent and detailed
way. Therefore, the critical aspect is to detail the entire process — the
complete workflow — rather than a specific part of it (e.g., the results).

With these premises, the model development should start with the
explicit formulation of its problem; that is the modeling purpose. This
implies that if a model is developed for control purposes, it should be
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Fig. 14. Time granularity in model categories (rule-based, statistical/stochastic, and data-driven) according to the target behavior.

ready to be directly implemented in control logic. Consequently, this
aspect should be already addressed in the model development. For
example, for application in model based control or MPC, the control
horizon depends on the kind of heating and cooling system used: it can
be rather long for radiant floor heating systems compared to air-based
systems. Subsequently, the modeling formalism that provides the OB
sequence during the whole predictive horizon should be chosen and
described. Reasons for the selection of a particular method should be
given from both a practical and theoretical point of view. It should also
explain how the predictors included in the model were chosen. This
includes stating whether feature selection was used to reduce the data
dimension and which approach was used. Also, it is important that the
variables included in the model are commonly monitored in buildings.
For instance, if RH is included in the model as a predictor but is not
measured in the building, the model is not applicable in practice.

From the reviewed literature, only 35% of the papers state that the
aim was building/zone/HVAC control application, and only 19% offer a
formal integration of the model into a control logic. Therefore, the
majority of the available occupant models are not designed with control
purposes in mind, which directly impacts the modeling formalism used.
This kind of model aimed to represent what the behaviors were based on
the data collected and not what the behavior will be. In models for
control purposes, time becomes a critical factor that a model should
directly account for. This translates to recognizing and considering the
model’s input variables as a function of time.

Another issue regards the integration of real-time data into the model
to be updated when new information is collected. This would also
require measures of the dependent variable, that is, the behavior that the
model aims to predict. The ability to self-update and adapt to real-time
data strongly affects the modeling strategy’s choice.

Furthermore, most of the behaviors are modeled independently from
each other. However, in reality, this is rarely the case. For instance, the
shading operation can affect both lighting operation and thermostat
adjustment behavior. Moreover, the necessary condition for most of the
occupant behavior is occupancy estimation and prediction. This implies
being able to measure it or predict it. In the latter case, this will result in
ulterior uncertainty in predicting behavior. For example, if window
operation behavior is the dependent variable to predict, its prediction
will be affected by the model error plus the prediction error for the
occupancy status.

5. Model evaluation

Mode evaluation is a logic and necessary next step after model

development. This section focuses on the model evaluation and doc-
umenting the model’s performance. It consists of the reviewed literature
evidence on the OB model evaluation and a proposed guideline for the
standardized documentation of model performance. For that purpose,
the performance metrics are structured into absolute, domain-specific,
and indirect metrics, and their purpose is briefly elaborated. Finally,
the sensitivity analysis is introduced, as an additional tool to quantify
the model performance and document the uncertainties.

5.1. Performance metrics

The model evaluation [39] is structured into absolute evaluation,
domain metrics, and indirect metrics as showing in Fig. 15. The absolute
metrics relate to the performance indicators used for general statistical
or data-driven modeling. Here, we quantify how often an OB model
provides a correct prediction, or we use the absolute metrics to evaluate
the performance in case of data imbalance. The domain metrics are
defined using the OB and buildings physics knowledge. For instance, in
the case of window operation modeling, we are not only interested in
what percentage of window states is modeled correctly, but also how
often a window operation occurs or what the median duration of se-
quences with open windows is. Lastly, the indirect metrics quantify the
impact of the modeled OB on the data modeling objectives of building
control: does the use of the window operation model lead to improved
thermal comfort, or how does it affect the HVAC system, such as the
resulting impact on energy consumption or thermal comfort.

5.1.1. Absolute metrics

The absolute metrics is based on the definition proposed by Ref. [40],
namely “the metrics that are based on the absolute error calculation”.
The main goal is to assess the goodness of the model for fulfilling a
particular task, to compare alternative approaches, and to quantify if the
design updates made on an OB model led to the model’s improvement.
The initial step in the selection of the evaluation metrics is the assess-
ment of the nature of the modeling objective; for example, whether the
target variable is categorical or continuous.

Since the absolute metrics may result in bias in the interpretation of
the results [41], these should be selected based on the nature of the
modeled data and target function formulation. In this regard, the target
function formulations considered for the OB modeling are continuous,
categorical and the special case of binary categorical variables. The
resulting absolute evaluation metrics should be defined based on the
target function formulation and the particular challenge in each OB
model.
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(data-driven) model?”
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Fig. 15. Model evaluation metrics for OB in building control.

The literature screening showed that there is a significant portion of
the modeling studies in which the validation and testing performance
was not performed. Furthermore, the conducted literature review
pointed out the lack of standardized model evaluation metrics. How-
ever, similarly to the generic data-driven or statistical modeling, the
performance is commonly reported using mean average error (MAE),
mean squared error (MSE). Additionally, the precision, recall, and F1
scores were used by some of the existing studies that focused on clas-
sification tasks.

Based on the empirical evidence on the target variable formulation
and the nature of OB data, the minimal requirements on the set of ab-
solute metrics for each OB are summarized in Table 1. In summary, most
of the OB modeling should be treated as classification problems. The
multi-class categorical target functions include the shading operation,
while the window operation, occupancy estimation and prediction,
lighting operation, and appliance use should be modeled as the binary
classification. At the same time, the occupancy count can be modeled as
a regression problem.

We use modeling window status as an example. The fundamental
issue to be addressed is the imbalanced prior probabilities of the window
states. Therefore, the model evaluation should include the MAE,
confusion matrix, and F1 scores. Similar to the window states, the oc-
cupancy estimation and prediction, appliance use, and lighting opera-
tion are also commonly formulated as binary classification problems,

Table 1

and the model’s performance can be quantified using the same metrics.
To this end, the model goodness quantified using confusion matrix and
F1 score could also be reported using precision and recall. The models
that represent shading operation can be evaluated using MAE, confusion
matrix, and Fp score. The reader is referred to Li et al. [42] for further
elaboration on the choice of the evaluation metrics.

In the case of the thermostat setpoint modeling, there are very
limited studies on model validation. However, we argue that the set-
point modeling should be treated as a continuous problem since the
setpoint changes could be treated as rare events. By treating the ther-
mostat set point modeling as a regression problem, the relative value of
the thermostat set point is to be modeled, while the setpoint changes
would be addressed in an implicit fashion.

5.1.2. Domain metrics

The domain metrics are defined as a fit-for-purpose metric that
evaluates the competence of the model in representing a certain OB
considering the stochasticity of results. The intention of developing
these metrics is to provide comparable means for assessing how well do
OB models represent particular forms of human behavior. Moreover,
considering the main purpose of building as a comfortable and pro-
ductive space for people [43,44], these metrics standardize building
performance from the perspective of its occupants. In the existing work,
Tahmasebi and Mahdavi [45] presented domain metrics for comparing

Recommended target formulation and minimal set of evaluation metrics for each modeled OB.

Data type Absolute metrics
Continuous ~ Categorical ~ Binary = ACC  Balanced Confusion F1 Fp MAE MSE RMSE N-
accuracy matrix RMSE
Window Operation X X X X X X
Thermostat Adjustment X X X X X
Occupancy Estimation and X X X X X X X X X
Prediction
Shading Operation X X X X X
Lighting Operation X X X X X X
Appliance Use X X X X X X X

10
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the performance of OB models in building simulation. However, the
related literature in the context of building control is sparse and there is
a need for developing consistent domain metrics [46-48].

The domain metrics are categorized based on types into aggregated
and interval-by-interval groups as summarized in Table 2. The aggre-
gated domain metrics stand out as proper evaluation criteria when the
tested OB model is used for long-term purposes such as (estimating total
energy saving, benchmarking building performance, etc.). On the other
hand, the interval-by-interval metrics are preferable for evaluating OB
models in short-term applications such as (building control, MPC, de-
mand response studies, etc.). Table 1 summarizes the metrics defined for
each distinct behavior, and it highlights the research gap in developing
novel interval-to-interval metrics for thermostat domains. To fill this

Table 2
Domain metrics for each OB type.
Purpose Domain Metric Refs
Aggregated Long-term Lighting Typical lighting [48]
purposes (estimate Operation operation profile
energy saving, Frequency of
model building switching-on
performance, etc.) actions
Window Overall fraction of ~ [47]
Operation open state [%]
Mean number of
actions per day
averaged over the
observation time
Open state
durations’ median
and interquartile
range [hour]
Closed state
durations’ median
and interquartile
range [hour].
Occupancy Occupancy State [49]
Estimation Matching (SM)
and error
Prediction Occupancy
Duration (OD)
error [h]
Number of
Transitions (NT)
error
Appliance Use  Appliance’s daily [50]
turn on times
Appliance’s
average use
duration
Accumulated on-
state duration
Thermostat N. A
Adjustment
Interval-by-  Short-term Lighting The stepwise [48]
interval purposes (demand Operation energy use
response, MPC, Window N. A
etc.) Operation
Occupancy First Arrival time [49]
Estimation (FA) error [h]
and Last Departure
Prediction time (LD) error
[h]
Prediction [46]
interval (PI)
Coverage width-
based criterion
(CWQ)
ApplianceUse  N. A
Thermostat Prediction [49]
Adjustment interval (PI)”

Coverage width-
based criterion
(cwo)y?

2 Metrics are suitable to be shifted from different domain.

11
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gap, we argue that some of the developed metrics could be transferred
between different domains with minor adjustments. For example, the
occupancy state matching error is the percentage of false state pre-
dictions which indicate the mismatch between actual and predicted
occupancy; this metric could be adjusted for evaluating appliance use
models. Chong et al. [46] used the coverage width-based criterion that
comprehensively evaluates the quality of prediction interval to evaluate
the performance of occupancy estimation and prediction models which
can easily be adjusted to evaluate the performance of OB thermostat
adjustment models.

5.1.3. Indirect performance metrics

Indirect performance metrics evaluate to which extent the OB model
contributes to fulfilling the control goal, such as energy consumption
reduction or improving thermal comfort. For example, the integration of
occupancy estimation and prediction into temperature control can
minimize the heating demand. In that case, the used energy could be
defined as the control metric together with absolute and direct metrics
in the comprehensive model evaluation. One of the examples of jointly
used domain and indirect evaluation metrics is presented by Peng et al.
[51] the occupancy model was evaluated using both domain metrics
(probability and duration of room occupancy) and indirect metrics (total
consumed energy consumption).

A summary of literature about control metrics applied for the
different OB models can be obtained from Appendix I. The literature
screening pointed out that there is only limited evidence of the docu-
mented indirect control metrics for OB models, which could be a result
of the rare availability of control use cases. When included, control
metrics are frequently used to compare the performance of control
including OB modeling versus one without it. The control metrics can be
absolute or relative, for example, the energy consumption or saving in
kWh (absolute) or the energy reduction in percent (relative).

In the literature, where control metrics are available, the main focus
of most control algorithms is to minimize energy consumption while
maintaining comfort constraints. Naylor et al. [17] reviewed
occupant-centric building control strategies in regard to their energy
reduction and obtained between 20 and 50% reduction in most cases.
Despite the energy reduction, the comfort should usually remain in a
certain range, e.g. an indoor temperature between 20 and 23 °C. The
most dominant comfort control metric obtained from literature is ther-
mal comfort, as most cases of including OB (occupancy, thermostat,
windows, shading) into control are related to HVAC systems [52,53].
Shading operation is not only relevant for thermal but also visual
comfort metrics. Indeed, previous work has combined parameters from
both domains in an algorithm to control window blinds [54]. Lightning
is only related to visual comfort, mainly by guaranteeing appropriate
illuminance levels at workstations. By doing so, visual comfort and en-
ergy efficiency metrics may be combined - even during non-office hours,
using algorithms able to minimize illuminance targets for unoccupied
workstations [55]. For thermal comfort, most authors use the control
metrics indoor air temperature, the predicted percentage of dissatisfied
(PPD), or the predicted mean vote (PMV); for visual comfort, illumi-
nance, or false-off frequency are typically used.

6. Model implementation

This section aims to provide a guideline on the best practices for
implementing OB models in a software environment. This part assumes
that the creator has completed the model development phase for the OB
models so that these models are in the form of a stand-alone application.
In this context, we refer to a stand-alone application as “a set of a USER’s
information processing requirements” [56]. In that context, this section
provides recommendations regarding the model’s computational envi-
ronment, runtime analysis and scalability analysis for the real-time ca-
pabilities, and the experimental hardware settings.

Primarily, we focus on the OB models’ implementation as the
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outcome of the academic or general research activities. The aim of this
section is to propose the documentation that enables model’s repro-
ducibility in building control systems that may have different software
architectures [57].

6.1. Computational environment

The documentation on the computational environment in the sense
of OB models in building control should include requirements for spe-
cific operating systems (OS), programming languages, and library or
other software dependencies. Beyond this information, the used versions
should also be reported. The details required are relevant both for the
model’s reproducibility in form of the application and due to the
copyright requirements of each dependency in case of the (potentially
commercial) field deployment. Furthermore, the operating system and
programming language should be documented in the context of the
runtime evaluation that is a crucial component of the OB model docu-
mentation and that is a programming language and OS-specific.

When selecting a suitable computational environment for model
development, the evidence regarding the widely adopted environments
could be beneficial, and this information is summarized in Table 3.
Among others, R and Matlab/Simulink are the most commonly utilized
programming language and software packages that can be employed for
almost every type of OB. Oppositely, in terms of programming languages
C/C++ and VBA and for software packages IBM SPSS and Weka are less
used for developing already existing OB models. In practice, one can
observe a large variability for different platforms and the computational
efficiency of OB algorithms [57]. Nevertheless, information related to
the utilized operating system is sparsely documented in existing studies.

6.2. Computation time

Commonly, the OB models are developed with the aim to be included
in the end-systems such as building control that typically operates in
real-time. Since the computation resources within building control and
related end-systems are limited, an estimate of the required resources is
required to assure the real-time operation. In this place, we refer to the
computation resources of the OB models, which are defined as stand-
alone modules that can be coupled with an end-system in various
distributed manners. We focus on the runtime of the developed final
models where the executed steps include the data-preprocessing and
computing the value of the OB target variable. In the case of the machine
learning-based models, this would correspond to a model test, while the
model training and validation are considered to be previously
completed. The hosting of these models is taking place within the
building control, using a cloud-edge solution or on a remote cloud. In
case of any of the listed computation settings, the following information
should be provided:

- In which computation environment is the runtime analysis
conducted?

- What is OB model inference runtime?

- Inference memory requirements?

- Optional: total required training runtime

Table 3
The most common computational environments for each OB model.
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- How does the OB model scale in space and time with the number of
modeled OB instances?

The runtimes should be expressed either in core hours or the clock
time, given the standard setting. The runtime should be documented
together with the used hardware model. Since the majority of the OB
models were created in the scope of academic research efforts, there is
limited literature evidence on the runtime documentation. Among the
others, the reader is referred to Refs. [57-59], and [60] for some best
practices.

Additionally, the model’s scalability is of particular importance and
should be documented. Namely, OB models can be applied to a large
number of occupants within a building and therefore the model’s scal-
ability in space and time (footnote: for further information regarding the
space and time complexity, the reader is referred to Ref. [61] should be
documented and expressed using “big O” notation with respect either to
the number of occupants, rooms or buildings (further information about
the “big O” notation is summarized by Ref. [62]. Additionally, in case an
O model is intended to be used for varied temporal resolution and pre-
dictive horizon, the time complexity should also be documented with
respect to these two parameters.

6.3. Experiment setup

With the computational environment guidelines discussed above,
this section focuses on presenting the experiment setup by summarizing
the findings from the literature review. Sensor choices and imple-
mentation location will be discussed in the following subsections. The
discussions are based on six main categories of occupant behavior
models, as followed throughout this paper. The sensor choices subsec-
tion offers information of sensors that have been deployed among
different studies, implementation locations subsection presents different
locations of deployed sensors in different research experiments. This
section aims to provide guidelines for future occupant behavior re-
searchers to deploy sensors and set up experiments.

6.3.1. Sensor choices

From the reviewed literature, in total 85% of the studies have
explicitly provided information about sensors that have been deployed.
Table 4 summarizes the commonly used types of sensors and the
aggregated frequency that they have been picked in the literature. The
color scales in the table represent how often the specific sensors were
adopted. It can be observed that, for “Appliance Use” studies, current/
power sensors and smart meters are very commonly used; for “Light
Operation” studies, lighting sensors and PIR sensors are primarily
adopted; for “Occupancy Estimation and Prediction” studies, PIR sensor
and CO2 sensor are commonly used; for “Shading Operation” studies,
lighting sensors and indoor temperature sensors are commonly used; for
“Thermostat Adjustment”, indoor temperature sensors, sound sensors,
and airspeed sensors are primarily used; for “Window Operation”
studies, indoor temperature sensors and window state sensors are
commonly used. Apart from the aforementioned most commonly used
sensors, other sensors are also summarized in the table.

Programming languages

Software packages/tools

Domain

Python  C/C++ Java  VBA

IBM SPSS

Modelica/Dymola  Matlab/Simulink ~ Weka  LabVIEW  RapidMiner

R

Window Operation X X

Thermostat Adjustment X

Occupancy Estimation and Prediction X X X
Shading Operation X

Lighting Operation X

Appliance Use

X X

X

PO K X
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Table 4
Sensor Choices of the Reviewed Studies.
Occupancy
Appliance | Lighting Estimation Shading | Thermostat | Window
Use Operation and Operation | Adjustment | Operation
Sensor Type Prediction
AC State 2 0 1 0 1 0
Air Pressure 0 0 1 0 5 2
Air Speed 0 1 2 0 10 8
Airflow Rate 0 1 3 0 5 0
Bluetooth Beacon 1 0 1 0 0 0
Camera 4 3 11 0 2 2
Chair 0 0 1 0 0 0
Cco 0 0 1 0 1 1
CcOo2 1 0 ; 0 7 16
Current/Power 2 5 1 5 0
Door State 1 0 4 0 0 1
GPS Location 0 0 1 0 0 0
Keyboard&Mouse 0 0 1 0 0 0
LED 0 1 1 0 0 0
Light 2 1 5
Light Switch 0 5 1 0 0 0
Motion (Unspecified) 2 6 4 1 1 0
PIR 3 T 1 6
RF 0 1 1 0 0 0
RH 1 1 12 1 9 18
Smart Meter _I 2 5 0 1 0
Smart Plug 4 0 0 0 0 0
Solar Irradiance 0 3 2 5 10 7
Sound (Acoustic) 0 0 6 0 0 0
Sound (Echo-Based) 1 0 2 0 0 0
Sound recording device 1 0 0 0 0 0
Telephone(State) 0 0 1 0 0 0
Temperature (Indoor) 0 3 13 6 _
vVOC 0 0 2 0 0 1
WiFi Connection/Probe 1 3 5 0 0 0
Window State 0 2 0 0 2 _

6.3.2. Implementation location

Table 5 summarized the common locations of sensors deployed from
the literature. The locations are categorized into two levels: Space Level
and Building Level. Under each level of locations, detailed locations and
related sensor types are provided. Based on the review work, this table
provides a guideline for future researchers to refer to when deploying
sensors in an experimental set up.

6.4. Integration into MPC

OB models can be used in MPC for setpoint/reference scheduling or
for including measurable and predictable disturbances and for shaping
the constraints. An illustrative example for the consideration of OB in
MPC is presented in Fig. 16. In terms of disturbances, the OB should be
considered as a cause of thermal gains from people, thermal losses from
appliances or ventilation gain, and losses during window operations.
This includes information about the number of occupants, time of use,
and possibly information about used equipment. As measuring a direct
heat dissipation is difficult, the forecasted behavior has to be used to

13

infer the information about internal heat gains. Additionally, the OB
could be considered by the constraints, such as by setting different upper
and lower indoor air temperature bounds during occupancy hours. In
case a specific setpoint instead of bounds is desired, the setpoint can also
be explicitly defined in the cost function.

As reviewed in subsection 4.2.3, the indirect metrics evaluate the
control outputs comfort and energy consumption. For the integration of
OB models into MPC, we focus on the most relevant and most common
use case in literature, HVAC control. The relevance results from the
significant energy savings potential. Additionally, most OB models could
be meaningfully coupled with HVAC control (such as Appliance Use,
Lighting Operation, Occupancy Estimation and Prediction, Shading
Operation, Thermostat Adjustment, Window Operation models). Most
relevantly, the thermostat adjustment and attendance profiles shape the
occupants’ demand for thermal satisfaction by HVAC. Knowledge about
absences and reduced thermal demands can significantly reduce the
energy demand. The other OB models, shading and windows operation,
have an impact on the thermal energy balance.

There are several requirements that need to be documented with OB
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Table 5
The locations of sensors deployed from the reviewed studies.

Level of Locations Locations Sensor Type
Space Level Ceiling CO2 Sensor
CO Sensor
Light Sensor
Chair Chair Sensor
Desk Keyboard & Mouse
Telephone (State)
Door Frame Door State Sensor
Wall Air Pressure Sensor

Air Speed Sensor
Bluetooth Beacon

GPS Location

LED Sensor

Light Switch

Motion (Unspecified)
Smart Plug

Sound Sensor (Acoustic)
Sound Sensor (Echo-Based)
Sound Recording Device
PIR Sensor

RF Sensor

RH Sensor

Temperature Sensor (Indoor)
VOC Sensor

WiFi Connection/Probe
Window State Sensor
Current/Power Sensor
Smart Meter

AC State Sensor

Airflow Rate Sensor
Camera

Solar Irradiance Sensor

Window Frame
Building Level Electrical Panel
HVAC Equipment

Main Entrance
Rooftop

model to ensure the use in advanced optimal control methods such as
MPC. Firstly, the models must provide a forecast of the occupancy
behavior over the length of the prediction horizon of the optimization
problem, which is typically between 1 and 24 h. The quality of the
presence and OB forecasts also depends on the type of measurement
sensors used to gather the occupancy data [63]. Most accurate pre-
dictions are obtained from occupancy dedicated-sensor data such as PIR
and cameras. However, as pointed out in Ref. [64], other sensors such as
CO4 [65] or plug power can also provide sufficiently accurate data for
control-oriented occupancy models.

7. Discussion and future challenges
Based on the previous review, to define a standard guideline to
document occupant behavior for building controls poses the following

challenges:

7.1. Model description and formal representation

The current model description varies among different schemas and
formalization methods in terms of naming schema, description

Set-point prediction:
- Thermostat position
- Occupancy attendance

Constraints
y €Y

Heat flow prediction:
- Windows
- Shading

. . P : Uk
I Optimization :
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structures, and presentation of OB models. In addition, neither the OB
model nor the building control model lacks a standard representation for
model inputs, outputs, and model description. Hence, it creates a gap
between OB and building control models. This results in a customized
working process for every OB-driven building control study in the
literature. In addition, such a process is not consistent and creates a very
different performance (e.g. energy savings) even using the same type of
OB model. As a matter of fact, the various inputs for the same OB model
reflect this inconsistency. Prior researchers were using different sensors
and instruments to develop different mathematical models to model and
simulate the same behavior over decades. There is a need to standardize
the model description and representation based on one formal language.
Recently, a review paper [8] on data tools for building information and
performance also concludes that ontologies or schemas represent the
need to be developed. An effort to extend the current Brick schema to
represent the OB model is ongoing.

7.2. Model development

Currently, the model development is not fully described in the sci-
entific articles. Information is missing on preprocessing procedures and
model selection limiting the reproducibility and even replicability of the
results of the studies. To overcome these challenges in model develop-
ment documentation, the authors should clearly state the model pur-
pose, and the practical and theoretical arguments supporting the choice
of a given modeling technique. Also, to foster transparency and clarity,
they should explicitly document the adopted cleaning and imputing
procedures for the missing and corrupt data, the outliers treatment
chosen, the data dimensional reduction process implemented, the data
scaling method used, the techniques used for feature creation, the
approach adopted for partitioning the original dataset for the definition
of the test and training subsets, and the anonymization techniques used,
if any. Furthermore, an important challenge is to develop newer multi-
domain models, which can consider the multi-exposure of occupants to
indoor environmental conditions and a multitude of controlling oppor-
tunities for a better and tailored adjustment of the building devices.

7.3. Model evaluation

The standardized and comprehensive model evaluation is crucial for
OB model deployment in real-world scenarios of building control
products. Therefore, a standardized evaluation schema is proposed for
each distinct form of OB. With the ambition to provide a comprehensive
evaluation, this work proposes joint use of three sets of evaluation
metrics, namely absolute metrics, domain metrics, and indirect metrics.
The absolute metrics were derived based on the vast literature evidence
on the evaluation of general data-driven methods and their existing
applications for OB modeling. Furthermore, we argue that the OB model
evaluation has to include specific domain metrics. These are based on
domain expertise in OB modeling and are supported by the existing
literature evidence.

min Z,};l U2k, iy ug)

Cost function

2k
*>| Building }‘i
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Fig. 16. An overview of the MPC structure with the proposed inclusions of the OB.
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As human behavior is highly diverse and sensitive to unpredictable
events, sensitivity analysis could be used as a supportive tool to assess
the uncertainties related to the used OB model. Sensitivity analysis (SA)
is a statistical technique that assesses the effects that changes in input or
design variables have on the model output variables [16,66]. There are
two approaches to SA that could be applied when a model can be also
used for building control purposes. The simpler is the local sensitivity
analysis, where the impact of an input variable’s variation on a model
response is estimated while keeping the values of the other input factors
constant. The global sensitivity analysis, on the opposite, tests simulta-
neously all the input variables and enables assessing the impact of both
individual input variables and their interactions on the model output.
However, the existing applications of the sensitivity analysis for OB in
building control are sparse, further adoption would provide useful in-
sights on testing control algorithm robustness against noise or uncer-
tainty in input variables and parameters.

7.4. Benefits of the inclusion of OB models in building control

Finally, the indirect metrics quantify how well the model contributes
to fulfilling the higher goal of building control, such as maintaining
comfort or optimizing energy consumption. Up to date, the impact of the
OB model on the end-system has been limitedly explored. Namely, most
of the existing OB models were not tested in field studies, and therefore,
the relationship between whole system performance and the OB model is
rarely analyzed. In order to come one step closer to filling this gap, this
work proposed a set of indirect metrics for evaluating the impact of OB
models for inclusion in HVAC control. The future challenge includes
assessing the suitability of proposed metrics in field studies. Further-
more, the indirect metrics for alternative systems, such as shadings
should be explored.

7.5. Model implementation

The documented model implementation should include the infor-
mation about the used computational environment in which the OB
model is tested, the experimental setting, and the recommendations for
the intended application in the building control. Here, a particular
challenge is that the buildings are commonly a one-time product. As
there is limited literature evidence on documenting the model imple-
mentation, future research should focus on how to standardize infor-
mation related to implementation in different buildings or HVAC
systems.

Furthermore, the future model documentation should include the
estimated OB model inference time. As highlighted in Ref. [67],
state-of-the-art OB models are too computationally expensive to be
included in real-time control applications, such as MPC. In order to
obtain stable and reliable results, the computation of the next control
signal should be indeed completed before the start of the actual period of
observation. Based on the previous literature review, the time related to
a single forward pass of the proposed data-driven models, i.e. inference
time, is however rarely documented.

7.6. Model integration into advanced building control

One of the challenges of leveraging occupancy estimation and pre-
diction models is their integration into advanced building control al-
gorithms, e.g. MPC. These controllers are typically based on HVAC and
building envelope thermal dynamics models and consider future system
dynamics and future control inputs or constraints. Special care needs to
be given to properly couple the occupancy estimation and prediction
models into these dynamic equations. The OB models can serve as
additional control variables (setpoint, constraint, or disturbances) for
the building dynamics equations. These dynamic equations are usually
represented by a set of first-order differential equations. As a common
practice in the control engineering field, these equations can be
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reformulated into a state space model and into discrete time [68,69].
8. Conclusion

In this paper, we evaluated current documentation of OB models for
advanced building controls from four different perspectives: model
description and formal representation, model development and evalu-
ation, inclusion of OB model into building controls, and modeling
implementation. During the literature review, we found that the build-
ing control and OB modeling were mostly researched distinctly. Most of
the OB models were developed as stand-alone models. In that context,
there is only a spoonful of publications that proposed a formal integra-
tion of the OB models into building control (e.g. Refs. [70,71]). Based on
a comprehensive review and analysis on current documentation of OB
model for advanced building controls, it can be concluded that: 1) There
is no standard representation of various OB models; 2) no unified
guidelines of OB model development; 3) a standardized evaluation
schema is proposed for each distinct form of OB models; 4) a set of in-
direct metrics for evaluating the impact of OB models for the inclusion in
HVAC control is defined; and 5) a systematic documentation of indented
model implementation is proposed; and 6) OB models can be integrated
into MPC for HVAC as predicted setpoints, constraints, or disturbances.

Given the current review and discussions, this paper also provides
following future research opportunities: a) A formal representation of
OB models based on the same schema and semantics. While there is an
on-going effort in the Brick schema [25], such presentation can be
further enriched with more common data sets [72]; b) open sourcing a
library with OB model documentation that follows this guideline, c)
deployment of existing OB models in building control studies.

Limitation of the study: 1) In this paper, the “occupant” is referred to
as office workers in general. The review does not cover other occupant
types such as elderly, who has different interactions in response to
thermal stimuli; 2) The review study found very limited or no papers
considering how to integrate sensor drifting into controls. Although it is
an important issue for the control implementation, the paper focuses
mainly on documenting occupant behavior. Future studies could further
explore this topic; and 3) The guideline paper does not cover occupant
behavior of personalized cooling and heating systems. This could be
included in the future studies.
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Model Comfort-related metrics

Energy-related metrics

Occupancy Estimation
and Prediction
Thermostat Adjustment

Thermal comfort and indoor air quality:
hours of setpoints not met
Thermal comfort: indoor temperature, PMV,

energy consumption/saving, start/stop time, in most cases related to HVAC

energy consumption/saving, monetary savings, related to HVAC, duration of unnecessary heating [h],

PPD peak load change (energy shifting for DR), energy use during peak, setpoint reduction, HVAC
coefficient of performance

Window Operation -
Shading Operation Thermal comfort: air temperature, PPD,
overheated hours;

Visual comfort: illuminance

Visual comfort: illuminance, false off
frequency, discomfort probability
Appliance Use -

Lighting Operation

energy consumption/saving, related to HVAC
energy consumption/saving, related to HVAC and lighting, optimal dimming

energy consumption/saving, optimal dimming (% of lighting power used needed on daylight
availability), peak power, illuminance reduction in unoccupied workstations
energy consumption/saving, related to HVAC and the appliances
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