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a b s t r a c t
Physics-based simulation of energy use in buildings is widely used in building design and performance
rating, controls design and operations. However, various challenges exist in the modeling process. Model
parameters such as people count and air inﬁltration rate are usually highly uncertain, yet they have signiﬁcant impacts on the simulation accuracy. With the increasing availability and affordability of sensors
and meters in buildings, a large amount of measured data has been collected including indoor environmental parameters, such as room air dry-bulb temperature, humidity ratio, and CO2 concentration levels.
Fusing these sensor data with traditional energy modeling poses new opportunities to improve simulation accuracy. This study develops a set of physics-based inverse algorithms which can solve the highly
uncertain and hard-to-measure building parameters such as zone-level people count and air inﬁltration
rate. A simulation-based case study is conducted to verify the inverse algorithms implemented in EnergyPlus covering various sensor measurement scenarios and different modeling use cases. The developed
inverse models can solve the zone people count and air inﬁltration at sub-hourly resolution using the
measured zone air temperature, humidity and/or CO2 concentration given other easy-to-measure model
parameters are known.
© 2019 Elsevier B.V. All rights reserved.

1. Introduction
1.1. Building energy modeling
Building energy modeling plays a critical role in researches
and applications such as model predictive controls (MPC) [1] and
operations [2,3] and building energy retroﬁt analyses [4]. Common
building energy modeling approaches include physics-based approaches, aka white-box approaches, and data-driven approaches,
aka the black-box approaches.
Physics-based or forward modeling approaches explicitly model
the interactions among weather conditions, building geometry, envelope, service systems, occupants, control strategies, and energy
performance. The physics-based models can be further classiﬁed
into reduced order models [5,6] and dynamic models [7,8] based
on complexity. A reduced order model is usually a set of resistorcapacitor (RC) networks and is more computationally eﬃcient than
the detailed dynamic models. Therefore it is often used in situations when a short simulation time is critical, such as MPC [9]. On
the other hand, detailed dynamic models describe the energy ﬂows
∗
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among building energy systems with physics laws and are solved
with differential equations to provide more accurate results. The
dynamic models are often more time consuming to build and solve
[2]. With decades of research and development in the building
energy modeling ﬁeld, powerful tools, such as EnergyPlus, TRNSYS
[10], ESP-r [11] have been developed and improved to model
detailed buildings and systems with complex occupant behaviors
and control settings. The increasing computational power also
makes building energy modeling more and more widely adopted.
However, detailed physics-based building energy models can be
very sensitive to model assumptions. In reality, the discrepancies
between design and actual building characteristics, the simpliﬁcation of the building geometry, occupancy and system operation
schedules, and the errors in computation can all negatively impact
the model’s accuracy of reﬂecting the real situations. Therefore,
researchers have focused on calibrating the building energy models to match the measurements, so that the model can be used for
predictive controls or evaluation of optimization strategies [12,13].
Data-driven approaches gained lots of attentions in recent
years. They often require a large amount of measurement data
to train a reliable model that can reasonably represent the
building’s energy performance or other characteristics under
different operation conditions. A list of literature reviewed the
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Cz
Tz
Q˙ i
hi
Ai
Tsi
m˙ i_zone
Cpi
Tzi
m˙ in f
T∞
Q˙ sys
Tsup
Cw
Wz
m w _i
hmi
Wsi
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m˙ sys
Wsup
CC O2
Cz
mC O2 _i
Czi
C∞
Csup
Q˙ except _ people_i
Q˙ single
m˙ w_except _ people_i
mw_single
m˙ C O2 _except _ people_i

currnt zone air sensible heat capacity multiplier
current zone air temperature [K]
ith internal sensible heat gain rate of the
current zone [W]
convective heat transfer coeﬃcient of ith
internal surface of the zone [W/(m2 · K)]
area of ith internal surface of the zone
[m2 ]
temperature of ith internal surface of the
zone [K]
mass ﬂow rate of air from ith nearby zone
[kg/s]
speciﬁc heat capacity of the air from ith
nearby zone [J/kg]
temperature of the air from ith nearby
zone [K]
inﬁltration air mass ﬂow rate [kg/s]
outdoor air temperature [K]
sensible heat transfer rate due to HVAC
system supply [W]
HVAC system supply air temperature [K]
currnt zone air humidity capacity multiplier
currnt
zone
air
humidity
ratio
[kgwater /kgdry_air ]
ith internal moisture gain of the current
zone [kg/s]
moisture transfer coeﬃcient of ith internal
surface [m/s]
humidity ratio of the air near the ith surface of the zone [kgwater /kgdry_air ]
mass ﬂow rate of the air from ith nearby
zone [kg/s]
humidity ratio of the air from the ith
nearby zone [kgwater /kgdry_air ]
outdoor
air
humidity
ratio
[kgwater /kgdry_air ]
HVAC system supply air mass ﬂow rate
[kg/s]
HVAC system supply air humidity ratio
[kgwater /kgdry_air ]
currnt zone air CO2 capacity multiplier
currnt zone air CO2 concentration [ppm]
sum of scheduled internal carbon dioxide
loads of the current zone [pm · kg/s]
ith
nearby
zone
air
CO2 concentration [ppm]
outdoor air CO2 concentration [ppm]
HVAC
system
supply
air
CO2 concentration [ppm]
internal sensible heat gain rate from ith
sources except people [W]
sensible heat dissipation rate of a single
person [W]
internal moisture gain rate from ith
sources except people [kg/s]
moisture dissipation rate of a single person
[kg/s]
internal CO2 gain rate from ith sources except people [pm · kg/s]
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CO2 dissipation rate of a single person
[pm · kg/s]

Superscripts
Xt
the value of X at current timestamp
X t−δt
the value of X at one timestep before current timestamp
X t−2δt
the value of X at two timestep before current timestamp
X t−3δt
the value of X at three timestep before current
timestamp
data-driven building energy prediction approaches [2,14–16]. The
main steps of data-driven approaches include data collection,
data pre-processing, model training, and model testing [14]. A
bunch of factors can affect the accuracy and scalability of the
model built purely on data. First of all, the data collection process can be challenging. Some important sensor and meter data
needed by the data-driven approaches may not be available in
every building. Data quality is another issue; data from different
building systems usually have different measurement periods and
temporal resolutions. Missing data is always a main barrier to
train and test models. Moreover, the measurements may not cover
all the operation schemes, leading to a lack of full coverage of real
operations by the trained models.
1.2. Measurements of uncertain model inputs
Among the building energy model inputs, air inﬁltration and
people count are two variables that are highly uncertain and hard
to measure directly at the zone level. Studies have shown that they
have signiﬁcant impacts on the energy simulation results [13,17–
19]. In most cases, air inﬁltration and people count are set as
ﬁxed schedules, which do not reﬂect the dynamic reality. Various
methods have been developed to directly measure or indirectly
calculate the zone air inﬁltration rates and people counts.
For the air inﬁltration rate, the most commonly used methods
are tracer gas method and blower door method. Tracer gas method
has been widely used to measure the inﬁltration rates in buildings
since the 1980s. There are three categories of the method—
dilution, constant injection, and constant concentration [20]. The
fundamental of this method is the mass conservation of the tracer
gas. The air inﬁltration rates can be calculated by monitoring the
relationship of tracer gas injection and the concentration change
[21,22]. The blower door method is another widely used method
to measure the air airtightness of buildings. This method is also
known as the fan pressurization method, which employs a large
door-mounted fan to blow air into the building to quantify the
air inﬁltration rate at a certain indoor-outdoor pressure difference
[23]. Both tracer gas and blower door methods have been validated and used in enormous research and industrial application
conditions. However, those methods have limitations such as the
requirements of special devices, the disruptions to occupants,
and potentially high time and labor costs. Some novel methods
have been proposed in recent years to avoid those drawbacks
while measuring the air inﬁltration rates. Examples are CFD-based
approaches which use infrared images along with indoor and
outdoor air parameter measurements and ﬂuid mechanics analysis
to quantify the air inﬁltration rate and pin-point the location
of the air leakage [24]. However, the CFD-based methods usually
need expertise in the geometry modeling, meshing, and simulation
assumptions, which is hard to scale up.
Occupant behavior is a critical input in building performance
modeling. The high uncertainty of occupants’ presence and behavior have signiﬁcant impacts on building energy modeling [25].
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There is a wide spectrum of studies in detecting occupancy in
buildings. The common methods of direct occupancy detection
include (1) motion sensors, (2) vision-based technologies, and
(3) radio-frequency localization technologies [26]. Some of the
limitations of those technologies include the high cost and maintenance effort of the sensors, low accuracy in shared spaces,
and privacy concerns. In recent years, some methods have been
proposed to infer the occupancy and people count with advanced
analytical and machine learning approaches. Wang et al. [27] developed a method to predict occupancy with fused environmental
sensing and Wi-Fi sensing data using machine learning techniques.
Candanedo et al. [28] developed a statistical learning model with
light, temperature, humidity and CO2 measurements to detect
occupancy. Those methods showed good agreements with the
ground truth. But one limitation is they require dedicated data
processing and feature engineering to train reliable models.
1.3. Solving hard-to-measure parameters with inverse models

The relationship between zone air sensible heat change and heat
transfers from various sources can be expressed as the following:

Cz

Nsur f aces
Nsl
N
zones


dTz
=
Q˙ i +
hi Ai (Tsi − Tz ) +
m˙ i_zoneC pi (Tzi − Tz )
dt
i=1

i=1

2. Methodology
The methodology of this study consist of three parts—(1)
derivation of the inverse models, (2) implementations in EnergyPlus, and (3) veriﬁcation case study. Fig. 1 shows the overall
methodology map.
2.1. The zone air balance equations
The physics-based zone air heat, moisture, and contaminant
equations [29] serve as the basis of the inverse modeling algorithms. The forward balance equations take into account the effect
of internal heat gains (e.g., lighting system, electrical equipment,
people, etc.), heat/mass exchanges with surfaces, connected zone
air, outdoor air inﬁltration, as well as HVAC system supply air.

(1)

where Cz is the zone air total sensible heat capacity multiNsl
plier,
Q˙ is the sum of convective internal heat gains,
i=1 i
Nsur f aces
hi Ai (Tsi − Tz ) is sum of convective heat gains from interior
i=1
surfaces, m˙ in f C p (T∞ − Tz ) is the convective heat gain from outdoor
air inﬁltration, and Q˙ sys is the convective heat transfer from the
HVAC systems.
Similarly, the zone air moisture balance equation can be expressed as:

Cw

Nsur f aces
Nsl


dWz
=
m w _i +
Ai hmi ρair (Wsi − Wz )
dt
i=1

Decades of effort have been put into the development and
reﬁnement of physics-based building energy simulation tools. The
integrated simulation engine EnergyPlus [29] has been through
numerous tests and validations. It is now widely used in both
research and commercial applications. At the same time, the cost
of environmental sensing in buildings has declined. Many modern
buildings are equipped with monitoring and control systems that
can easily measure the HVAC system supply air and zone level
air temperature, humidity, and CO2 concentration. Traditionally,
building energy simulation is used to predict the building’s energy
consumption and environmental parameters. However, backed
by the well-tested physical principles, the building models can
theoretically solve unknown parameters with reasonable model
assumptions and accurate environmental measurements. Lee and
Hong [30] proposed an inverse modeling approach, which uses the
measured zone air temperature as the model inputs and solves the
zone thermal mass or air inﬁltration rate. The thermal mass and
air inﬁltration rate solved by the proposed method is implemented
in EnergyPlus and validated with ﬁeld measurements [30] under
the free-ﬂoating condition.
In this study, a set of new inverse modeling algorithms are
developed. The algorithms are based on the air sensible heat,
humidity, or CO2 conservation equations. Section 2 describes
the theoretical fundamentals of the inverse balance equations.
Section 3 presents a simulation-based case study, which shows
the application of the inverse modeling algorithms with different availability of environmental measurements and model
assumptions. The interpretation of the results is also discussed.
Section 4 summarizes the case study results and discusses the
pros and cons of the proposed inverse modeling algorithms.
Section 5 gives the conclusions.
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+ m˙ in f C p (T∞ − Tz ) + Q˙ sys

+

i=1

N
zones

m˙ i_zone (Wzi − Wz ) + m˙ in f (W∞ − Wz )

i=1
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(2)
Nsl

where Cw is the zone air moisture capacity multiplier,
m
i=1 w_i
Nsur f aces
is the sum of internal moisture gains, i=1
Ai hmi ρair (Wsi − Wz )
is the sum of moisture gains from the interior surfaces,
Nzones
m˙ i_zone (Wzi − Wz ) is the sum of moisture gains from the
i=1
connected zones, m˙ in f (W∞ − Wz ) is the moisture gain from outdoor air inﬁltration, and m˙ sys (Wsup − Wz ) is the moisture gain from
the HVAC systems.
And the zone air CO2 mass balance equation can be expressed
as:

CC O2

Nsl
N
zones

dCz
=
mC O2 _i +
m˙ i_zone (Czi − Cz ) + m˙ in f (C∞ − Cz )
dt
i=1

i=1

+ m˙ sys (Csup − Cz )

(3)
Nsl

where CC O2 is the zone air CO2 capacity multiplier, i=1 mC O2 _i is
Nzones
the sum of internal CO2 gains,
m˙ i_zone (Czi − Cz ) is the CO2
i=1
gains from connected zones, m˙ in f (C∞ − Cz ) is the CO2 gains from
outdoor air inﬁltration, and m˙ sys (Csup − Cz ) is the CO2 gains from
the HVAC systems.
2.2. The inverse modeling algorithms
The inverse modeling algorithms are developed to solve the
zone air balance equations in their ordinary differential format.
In this study, EnergyPlus is used as the simulation engine which
implements these inverse models. But the methodology is generic
and can be applied to other physics-based simulation engines.
Depending on the model assumptions and available measured
zone parameters, the inverse modeling algorithms can be used
to solve different unknown parameters such as people count, air
inﬁltration rate, zone internal thermal mass, and HVAC supply
airﬂow rate. Zone level people count and air inﬁltration are two
inﬂuential model parameters yet hard to measure. Thus, this study
implemented the inverse algorithms in EnergyPlus to solve people
count and air inﬁltration rate using easily measurable zone parameters such as air temperature, humidity and/or CO2 concentration.
Fig. 2 shows the solution of those two unknown parameters with
three indoor environmental parameter measurements under various scenarios. The system supply terms can be ignored when the
HVAC is off since there is no sensible heat/moisture/CO2 transfer
between the HVAC system supply air and zone air. But they must
be provided when the HVAC is on during the measurements.
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Fig. 1. Overall methodology.
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The ordinary differential Eqs. (1)–(3) can be solved with the ﬁnite difference approach which requires time-series measurements
of zone air temperature, humidity ratio, or CO2 concentration.
With the smart sensor network, the measurements are easily
accessible in modern buildings. EnergyPlus uses third-order backward approximation [8] to solve dry-bulb temperature, humidity
ratio, or CO2 concertation with the balance Eqs. (1)–(3) in its
zone predictor-corrector [8] solution. It was proved to provide
suﬃcient accuracy. Therefore, the proposed inverse algorithms also
adopt the third-order backward approximation approach. With the
third-order backward approximation, Eqs. (1)–(3) and be inversely
re-written as (4), (5), and (6), respectively:

Cz

11 t
T
6 z
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δt
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Fig. 2. Relationship between measured parameters and inversely solvable unknown
parameters.
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(4)
(2) If the system supply air temperature, humidity ratio, or CO2
concentration is not measured, the inverse algorithms are
only valid under the free-ﬂoating (HVAC system is off) mode.
(3) The zone internal sensible heat gains, moisture gains, or CO2
gains are modeled at a reasonable accuracy.
(4) The inter-zone air exchange is modeled at a reasonable accuracy.
(5) The convective heat, moisture, or CO2 transfer between zone
surfaces and zone air are modeled at a reasonable accuracy.
(6) The sensible heat generation rate, moisture and CO2 dissipation rate of a single person are known.
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2.2.1. Inverse modeling algorithms to solve zone air inﬁltration
With the measured zone air parameters, the air inﬁltration
mass ﬂow rate m˙ in f can be solved with Eqs. (7)–(9) as shown
below. For example, Eq. (7) calculates the sensible heat gain (or
loss) rate from air inﬁltration with the zone air sensible heat balance equation, and then solves the inﬁltration mass ﬂow rate with
the inﬁltration heat capacity and outdoor-indoor air temperature
difference. If the HVAC is on during the measurements, the system
supply air mass ﬂow rate and supply air temperature also need to
be measured.

(6)

The superscript notations of Tz , Wz , and Cz represent the timestamp of the measurements. For example, Tzt is the measured zone
air dry-bulb temperature at the current timestamp, while Tzt−δt is
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(1) The zone air sensible thermal mass, total humidity capacity,
or total CO2 concentration capacity is known and ﬁxed.




(8)


(9)

t − Ct
C∞
z

the measured air dry-bulb temperature at one time step earlier
than the current timestamp.
From Eqs. (4) to (6), it can be inferred that it is critical to model
other terms accurately to use the inverse algorithms, because the
inversely solved air inﬁltration and people count will be overﬁtted
if other terms in the balance equations are highly uncertain. The
inverse modeling algorithms work under the following conditions
(the exact conditions vary depending on which parameter is used
as input):

(7)

t
m˙ i_zone Wzit − Wzt + m˙ sys Wsup
− Wzt

t − Wt
W∞
z

CC O2





2.2.2. Inverse modeling algorithms to solve zone people count
With the measured zone air parameters, the zone people count
Nocc can be solved with the following pairs of equations. For
instance, Eq. (10) solves the zone total internal heat gain rate,
Nsl
Q˙ . Then, Eq. (11) solves the number of occupants in the
i=1 i
zone by dividing the total sensible heat gain rate from people,
Nsl
Nsl
Q˙ − i=1
Q˙ except peopl e , to the sensible heat generation rate
i=1 i
i

of a single person, Q˙ single . Similar to the algorithms solving air
inﬁltration rate, the system supply air mass ﬂow rate and supply
air temperature need to be measured if the HVAC system is on.
Eq. (12) and (13) solve the people count with measured humidity
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ratio. Eqs. (14) and (15) solve the people count with measured
CO2 concentration.
Nsl
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To verify that the inverse modeling algorithms are correctly implemented in EnergyPlus and to demonstrate the use of the new
EnegryPlus feature, a simulation-based case study was conducted.
This section presents model settings, solution scenarios, and results
of the case study.
3.1. Model settings
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3. Case study
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count calculation are applied to the code. For inﬁltration, a valid
value must be within the range of 0–10 air changes per hour. For
people count, the lower bound is zero, and the upper-bound is
the total possible internal heat/moisture/CO2 gain divided by the
heat/moisture/CO2 generation rate.
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(15)

2.3. Convergence
There can be many factors affecting the convergence when
trying to solve the differential equation numerically with the
third-order backward approximation. The most common issue is
the overﬂow. The latest version of EnergyPlus code is written in
C++. Just as any other language, it overﬂows when the result from
an operation exceeds a certain range. For the inverse modeling algorithms, overﬂow can happen when calculating the air inﬁltration
rate. For instance, the indoor-outdoor air temperature difference
t − T t ) can be a very small number when the two temterm (T∞
z
peratures are very close. Overﬂow will happen if the program tries
to calculate the air inﬁltration rate by dividing the denominator
t − T t ). Therefore, conditional checks are needed
of Eq. (7) by C p (T∞
z
when implementing the algorithm in the code. In this case, a
threshold of 0.05 °C or greater temperature difference must be
met to calculate the inﬁltration rate at one timestamp. Similarly,
thresholds are added for the algorithms using humidity ratio and
CO2 concentration. In practice, the thresholds implemented in
EnergyPlus routines don’t have signiﬁcant impacts on its ability to
solve the unknown parameters in our tests.
In addition, EnergyPlus uses a zone predictor-corrector mechanism to calculate the heating or cooling needs of a zone on the
HVAC system, and update the zone air parameters based on the
calculated amount of heating or cooling the HVAC system provides
to a zone. The uncertainties such as truncation errors in those
predictor-corrector routines can cause an anomaly in the inverse
modeling routine. Therefore, thresholds for inﬁltration and people

An EnergyPlus building model is used in the case study. The
model represents a two-story building with two zones on each
ﬂoor with a 1600 m2 total ﬂoor area. Three locations are considered to cover typical hot, cold, and mild climate. There are two
rounds of simulations. The ﬁrst round is the forward simulation,
where the air inﬁltration rate and people count are provided
as model inputs. The forward simulation is used to generate
the virtual measurements of the zone air and system supply air
parameters. Then in the second round of simulations, the virtual
measurements are provided as the inputs to the inverse modeling
algorithms to solve zone air inﬁltration or people count. Since
only one unknown variable can be solved at a time, the people
count should be provided when solving the air inﬁltration, and
vice versa. Table 1 shows the model setting details.
In the forward simulation, air inﬁltration is modeled with the
maximum air change rate and a schedule of the fractions of the
maximum value at different hours of a day. Similarly, the zone
people count is modeled with the maximum number of people
and a schedule indicating the fractions of the maximum number
of people at different hours. The forward simulation uses the
inﬁltration rate schedule from DOE prototype small oﬃce building
[31]. People’s behavior and movements in real buildings are hard
to predict, which affect the presence of people in building spaces.
Chen et al. [32] developed an agent-based algorithm to simulate
occupant movements using Markov-chain model. Based on the
study, an application was developed. In this case study, a stochastic occupant schedule generated by the application is used as the
ground truth to mimic the high uncertain people movements in
real buildings. Figs. 3 and 4 show the air inﬁltration and example
people count schedule for a day.
3.2. Inverse solution scenarios
There can be different use cases and solution scenarios with the
inverse modeling algorithms depending on which measured parameters and model details are available in the inverse simulation.
Thus, experiments with different level of details of measurements
and model assumptions are carried out in the case study.
(1) The simplest use case is when the building’s HVAC system
is off, and the building is at free-ﬂoating mode during the
zone air measurements and the HVAC system is not modeled in both the forward simulation and inverse simulation.
This case is most suitable when limited measurements
and limited building model details are available. However,
it requires the building’s HVAC system be turned off. For
example, this case can be used to solve air inﬁltration rate
when HVAC system is off during unoccupied hours.
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Table 1
Model settings of the case study.

Fig. 3. Air inﬁltration schedule.

(2) A more complex use case is when the HVAC is on during
the zone air measurements, but no HVAC detail is modeled
in the inverse simulation. In this case, the HVAC system
is not modeled in the forward simulation, but both zone
air parameters and the HVAC system supply air parameters
are measured and used in the inverse simulation. However,
since HVAC is not modeled in the forward simulation, its
effects on the zones interior surfaces are not accounted. This
use case is most beneﬁcial when the HVAC supply parameters can be easily measured, but the detailed system conﬁgurations are hard to be modeled (due to lack of information).
(3) The most complicated use case is when the HVAC is on
during the zone air measurements, and HVAC details are
modeled in the inverse simulation. This case requires not
only the measurements but also the detailed HVAC information for the inverse model. It is most beneﬁcial when

both measurements of the HVAC supply parameters and the
modeling of HVAC details are achievable.
Fig. 5 shows the different model inputs and measurements for
the three use cases.
Table 2 shows the required measurements and model assumptions for different use cases and solution scenarios.
3.3. Results
Based on the previous discussion, there are 216 combinations
(2 unknown parameters x 4 zones x 3 locations x 3 measurements
x 3 uses cases) in the case study. To illustrate the results, this
section ﬁrst presents time-series comparison examples between
the ground truth and the inverse solutions. Then it presents the
statistical metrics of the inverse solutions and summarizes the
applicability of different use cases.
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Fig. 4. Occupancy schedule.

Fig. 5. Air inﬁltration schedule.

Time-series charts can help visually inspect the alignments
between the inverse solution and the ground truth. Fig. 6 through
Fig. 8 show the ground truth and the inverse solution of the air
inﬁltration rate at one zone in the model for three use cases. The
results from Chicago are selected since it covers hot summer and
cold winter.
As shown in the three ﬁgures above, the inverse solution of
air inﬁltration rates with measured temperature, humidity ratio,
and CO2 concentration have different performance for different
use cases. The occurrences and frequencies of the spikes (ex-

treme values) in the inverse solutions vary by use cases and
measurements.
Since there is more diversity in occupant count schedule, an
annual comparison and a weekly comparison are used in the
plots. Fig. 9 through Fig. 11 show the ground truth and the inverse
solution of people count at one zone in the model for three use
cases.
Similar to the inverse solutions of air inﬁltration rates, the
accuracy of the inverse solutions vary by use case and measurements. However, there is an apparent discrepancy between
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Table 2
Inverse solution use cases and scenarios.
Use cases

Case 1

Case 2

Scenarios
HVAC status during measurement
HVAC is modeled
Climate zones
Measured parameter(s)
Zone air temperature
Zone air humidity ratio
Zone air CO2
concentration
Supply air temperature
Supply air humidity
ratio
Supply air CO2
concentration
Supply air mass ﬂow
rate
Note

S1
S2
S3
Off
Off
Off
No
No
No
Chicago, Houston, San Francisco
x
x
x

S4
On
No

Case 3
S5
On
No

S6
On
No

x

S7
On
Yes

S8
On
Yes

x
x

x
x

x

x
x

x

x
x

x
HVAC is off during
measurements; no HVAC is
modeled in the inverse
simulation

S9
On
Yes

x

x

HVAC is on during
measurements; no HVAC is
modeled in the inverse
simulation

x
x

x

x

HVAC is on during
measurements, HVAC is modeled
in the inverse simulation

Fig. 6. Use Case 1 time-series comparison of the inverse solution and the ground truth of air inﬁltration rates.

the inverse solution and the ground truth for Case 2, when
the measurement is zone air temperature. During the cooling
season, the inverse solution of people count is smaller than the
ground truth. The reason for the discrepancies will be discussed
shortly.
The time-series comparisons between the ground truth and the
inverse solutions give a snapshot of how the inverse algorithm
work overall. Comparison of the probability density between the
inverse solution and the ground truth can provide a statistical
view of how the inverse modeling algorithms perform in solving
the unknown air inﬁltration rate or people count. Figs. 12 and
13 show the probability density distributions of the ground truth
and the inverse solutions of different use cases in three experimental locations for a single zone in the modeled building. The
density violin plots (smoothed by the kernel density estimator)

use the data aggregated from 10-minute time interval values
for a whole year. The plots reﬂect the full distribution of the
ground truth and inverse solutions. In the facet plot grid, each
row corresponds to one use case (see details in Table 2) and each
column corresponds to a location. There are four traces in each
child plot – one ground truth and three solution scenarios with
the measured air temperature, measured air humidity ratio, and
measured CO2 concentration, respectively.
For example, in Fig. 12, the sub-plot in row one and column
one shows the probability density distribution of the ground
truth of the air inﬁltration rate and the inverse solutions for Use
Case 1 in Chicago. There are three bulks in the violin plot where
each bulk reﬂects the local average of the value while the width
reﬂects the frequency. In this case, the ground truth has three
typical values (1, 0.5, and 0.25) of air inﬁltration rate as shown
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Fig. 7. Use Case 2 time-series comparison of the inverse solution and the ground truth of air inﬁltration rates.

Fig. 8. Use Case 3 time-series comparison of the inverse solution and the ground truth of air inﬁltration rates.

in Fig. 3. The inverse solutions have similar violin plots with
the ground truth, which means the solution matches the ground
truth well. It can be seen from the ﬁgures that in general the
probability density distribution of the inverse solution aligns well
with the ground truth. There is one exception for the solution
with Use Case 2 when solving with measured temperature (row 2,

column 2 in Fig. 12). In this case, the solution’s probability density
distribution shows there are many times when the solution differ
from the ground truth, especially when the inﬁltration air change
rate is below 0.25 (indicated by the large area at the bottom of
the violin plot). The reasons for the poor performance of this case
are discussed in the last two paragraphs of Section 4.
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Fig. 9. Use Case 1 time-series comparison of the inverse solution and the ground truth of people count.

Fig. 10. Use Case 2 time-series comparison of the inverse solution and the ground truth of people count.

The interpretation of Fig. 13 is similar to that of Fig. 12. The
beads-like violin plots show the probability density distributions
of the ground truth and inverse solutions of the people count.
Each “bead” in the plot represents a local average of the people
count in the schedule. Like the air inﬁltration rate, the solutions of
people count with temperate in Use Case 2 differ from the ground
truth, which is also indicated in Fig. 10.

Coeﬃcient of Variance of the Root Mean Square Deviation
CV(RMSD) is a commonly used index to quantify how well
the predictions describe the variability of the ground truth.
Table 3 shows the CV(RMSD) between the inverse solutions and
the ground truth. Smaller values of CV(RMSD) suggest better
alignments between the inverse solution and the ground truth.
The values are color-coded in the tables where green stands for a
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Fig. 11. Use Case 3 time-series comparison of the inverse solution and the ground truth of people count.

Fig. 12. Probability density plots of the ground truth and the inverse solution of air inﬁltration rates.

239

240

H. Li, T. Hong and M. Sofos / Energy & Buildings 198 (2019) 228–242

Fig. 13. Probability density plots of the ground truth and the inverse solution of people count.

small value and red stands for a large value to better visualize the
performance of different use cases and scenarios.
It can be seen from the table that the accuracy of the inverse
solutions varies by solution scenarios and locations. In general, the
solutions from Case 1 and Case 3 have higher accuracy than Case
2. For example, Scenario 1 (free-ﬂoating, solved with measured
temperature) shows the lowest CV(RMSD) among the solutions
of air inﬁltration. Case 3 (Scenario 7 ∼ 9) shows better accuracy
than Case 2 (Scenario 4∼6). Similar results can be seen from the
solutions of people count where the accuracy of Case 1 and Case
3 are better than Case 2.
EnergyPlus uses a predictor-corrector mechanism to simulate
the relationship between the HVAC system and the zone air. In the
“predictor” step, the HVAC system load is estimated from the zone
heat gains. In the “corrector” step, the zone air and related terms
are updated with the actual simulated HVAC system supplies.
The reasons for the worse accuracy of Case 2 when trying to
solve with the sensible heat balance equations include: (1) the
inaccuracy from uncertain zone internal thermal mass, and (2) the
convective heat transfer between zone interior surfaces and the
zone air may not be accounted correctly. In Case 1, the HVAC system is off during both the measurement and the solution period. In
the solution period, HVAC kept off (achieved by the dual setpoints
thermostat control logic with extremely low cooling setpoint and
extremely high setpoints in EnergyPlus). The solution reﬂects the
actual zone air heat balances. However, in Case 2, HVAC is on
during the measurement period while it is not simulated in the
solution period. Although the zone air parameters and system supply terms are provided in the inverse balance equations, the effects
of HVAC supplies on the interior surface temperature and thermal
mass are not simulated in the “corrector” step. Thus, the solutions
might not reﬂect the actual zone air heat balances when the thermal mass and interior surface convective heat transfer account for
a signiﬁcant portion in the balance equations. In this case study,

Chicago and Houston have more extreme weather conditions than
San Francisco, which causes more drastic changes of the zone
thermal mass and surface temperatures. When the HVAC system
is not simulated in the solution period, the thermal mass and
interior surface convective heat transfer are not accurately represented, which leads to the inaccurate inverse solutions. In Case 3,
since HVAC is on during both measurement and solution periods,
the balance equations are close to the real zone air heat balances.
Thus, the inverse solutions are more accurate than Case 2.
Another ﬁnding is that the solution with moisture and CO2
balance equations are more accurate than the solution with the
sensible heat balance equations. That is due to the very small
impacts of the interior surface moisture and CO2 transfer on the
corresponding balance equations.
4. Discussion
Traditionally, building performance simulations are used to
predict building energy use and environmental performance with
known or assumed building characteristics, system operation
strategies and control logic, and occupancy schedules. However,
some of the model inputs such as the air inﬁltration rate and
occupancy schedule are highly uncertain and hard to measure
on the per-zone basis. As discussed in the introduction, extensive
research has been conducted to directly or indirectly measure
those unknown variables. The limitations of those approaches
include the high cost of measurement devices, the disturbance of
normal building operation, privacy concerns, and the cost of data
collection and analytics. At the meanwhile, environmental sensing
technologies become cheaper and more prevalent in modern
buildings. The novelty of this study is that it marries the physicsbased building energy model with the building environmental
measurements to inversely solve the highly uncertain zone-level
air inﬁltration rates and people count in buildings.
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Table 3
CV(RMSD) of the inverse solutions.

The inverse modeling algorithms are veriﬁed in the simulationbased case study. Validation of the inverse models in EnergyPlus
using laboratory experiments and measured data was conducted
in another study and results are to be published in a separate
paper. In the case study, normal (forward) simulations are used to
generate virtual measurements of HVAC system supply and zone
air parameters including dry-bulb temperature, humidity ratio,
CO2 concentration, system supply air temperature and ﬂow rate.
Then, the virtual measurements are used as the inputs of the
inverse simulation to solve the unknown air inﬁltration rate or
people count. Finally, the solution is compared with the ground
truth. Nine solution scenarios (grouped into three use cases) are
developed to mimic the different level of measurement availability
and model assumptions. The simplest use case is when the HVAC
system is off during the measurements. And there is no need to
model the HVAC system in the inverse simulation either. This case
is suitable when the building is not conditioned, or the HVAC
conﬁgurations are unknown for creating a building energy model.
The second use case is when the HVAC system is operating during
the measurement, the system supply terms are considered in the
inverse balance equations, but HVAC is not modeled in the inverse
simulations. This case is suitable when the measurements of both
space and HVAC supply air parameters can be measured, but the
HVAC details are unknown to create the building model. The most
comprehensive use case is when the HVAC system is operating
during the measurements, and the HVAC system details are known
and modeled in the inverse simulation. This use case requires the
most amount of measurements and the knowledge to model the

HVAC system. The modeling parameters can vary signiﬁcantly from
building to building. The inverse modeling method is proposed for
real case measurements. In the future, it is important to evaluate
the different use cases and measurement scenarios by comparing
the efforts and accuracy of the traditional approach against the
inverse modeling approach.
It is found that those use cases have different accuracies depending on what the environmental measurement is and what the
unknown parameter is. For air inﬁltration, Case 1 when solving
with measured zone air temperature and Case 3 when solving
with humidity ratio or CO2 concentration have better accuracy.
For people count, overall, Case 1 and Case 3 have better accuracy
than Case 2 when the measurement is temperature or humidity
ratio. But the solution with measured CO2 concentration has good
accuracy in all three cases. The differences in the accuracies are
caused by the different level of sensitivity of the air parameters
to the model settings. In the case study, zone air temperature
and humidity ratio can be affected by more factors than zone
air CO2 concentration. Thus, the inverse solution with measured CO2 concentration has better agreements with the ground
truth.
Although the inverse modeling algorithms can solve the uncertain zone air inﬁltration rate and people count, they are subject
to some limitations. First, like the normal simulations, the inverse
simulation requires accurate model inputs of building geometry,
thermal zoning, lighting and equipment settings. The zone air
balance equations can correctly solve the unknown parameters only when the known terms are input correctly. In future
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studies, we are interested in quantifying the sensitivities of the
inverse model results due to the uncertainties of those assumed
parameters, which will inform how the inverse models can be
applied, for example, at what stage of the model calibration to
gain the maximum value, or how to combine with the traditional
uncertainty analysis to improve the model accuracy. Secondly, the
current algorithms assume the occupants have a constant sensible
and latent heat generation rate, as well as a constant CO2 dissipation rate. This assumption may not be accurate when there is a
variety of occupant type and activities. Thirdly, the environmental
measurements play an important role in the inverse solution. Data
processing such as aligning the measurements to the same time
interval with the simulation is necessary. Lastly, there can be computational errors in the inverse simulation. For example, when the
indoor and outdoor air temperatures are too close, the program
may not solve the correct value of that timestamp because of the
overﬂowing issues. One potential future improvement is to couple
the temperature, humidity, and CO2 inverse algorithms. This way,
the inverse solutions from different measured parameters could
be used to validate each other at each timestep.
5. Conclusions
This study develops a novel inverse modeling method to solve
hard-to-measure building parameters such as zone air inﬁltration
and people count using easy-to-measure zone air temperature,
humidity and CO2 concentration. The inverse method integrates
the physics-based building performance models with sensor data,
posing a new opportunity of sensor data application in building
performance simulation ﬁeld. The new inverse modeling feature
developed in EnergyPlus can improve the simulation accuracy of
existing buildings as they reduce the uncertainty in model inputs.
Although the inverse models are implemented in EnergyPlus, the
algorithms are generic and can be adopted by other building
performance simulation engines.
The inverse models should be used with caution in building
simulations as they require other building model parameters
to be reasonable or tuned to avoid overﬁtting of the calculated
zone air inﬁltration or people count. Therefore, it is suggested
the inverse models be used in later (when most model parameters are corrected or tuned) rather than early stages (when
most parameters are of uncertainty) of building energy modeling
workﬂow.
Future research can extend the inverse models to simultaneously solve the two unknown zone parameters (inﬁltration
rate and people count) using two measured zone air parameters
(selecting two from air temperature, humidity, and CO2 concentration). The three inverse models are publicly available in EnergyPlus
version 9.1 in 2019. Validation of the inverse models in EnergyPlus
using measured data from real buildings is also an important
future work.
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