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Abstract. The aim of this paper is to estimate the number and dwell
time of visitors in a large-scale indoor space or room with a common
heating-ventilation-air conditioning (HVAC) system that includes sen-
sors for CO2 and indoor temperature in any season. Previous studies
tried to estimate the number and dwell time of visitors from CO2 con-
centration in small rooms with or without a HVAC system. However,
in a large-scale indoor space with large air-conditioning and ventilation
systems, the number and dwell time of visitors are difficult to estimate
for three reasons: 1) CO2 concentration changes much more slowly than
the number and dwell time of visitors and with a delay, 2) the difference
in changes is affected by the amount of ventilation, and 3) this difference
may be affected by operation of HVAC, which is affected by seasonal
climate. To solve these problems, we proposed partial modeling with a
variable time window. This method can make a partial estimation model
that automatically corresponds to differences in the change speed be-
tween two variables: visitors and CO2 concentration. We demonstrate
the effectiveness of our proposal using measured sensor data in summer,
fall, and winter to clarify its feasibility in different seasons in Japan.

Keywords: People flow; Partial modeling with Variable Time Window; HVAC
data, Seasonal effect, Facility management
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1 Introduction
Large urban facilities such as shopping complexes, train stations, airport build-
ings, and office buildings are not only spaces for shopping, business, or trans-
portation but also important infrastructure for city residents. To enhance their
value, facility managers and operators need to operate and maintain them effi-
ciently and effectively with digital technology [1]. To properly manage, maintain,
and operate such facilities, one of the most important data is people flow data
including the number of visitors and their dwell time during each time period
and day because these data suggest the use pattern of the facility, best schedule
for air-conditioning [2], and best time or day for maintenance and construction
[3]. People flow data are generally measured by multiple sensors such as cam-
eras [4] or laser range finders (LRFs) [5]. However, these are expensive to install,
maintain, and operate because many sensors and a complex system for aggregat-
ing or analyzing data from these sensors are necessary to measure people flow in
a large room or space. To solve this problem, previous studies tried to estimate
people flow, especially the number of visitors or number × dwell time of visitors
by using CO2 concentration [6], which is affected by visitors in a room. However,
people flow in large space or room is difficult to estimate using CO2 concentra-
tion for three reasons: 1) CO2 concentration changes much more slowly than the
number and dwell time of visitors and with a delay, 2) this difference in changes
is affected by the amount of ventilation, and 3) this difference may be affected
by operation of heating-ventilation-air conditioning (HVAC), which is affected
by seasonal climate.

To solve these problems, this paper introduces our proposed method, partial
modeling with a variable time window, which can be used to estimate people
flow including the number and dwell time of visitors by using existing CO2
concentration as a part of HVAC system, a building automation system (BAS) [7]
or building energy management system (BEMS) [8] system in a large-scale indoor
space such as a lounge or hall. The effectiveness of our proposal is evaluated using
data from three different seasons to clarify its seasonal effect in Japan.

2 Related works
2.1 Direct sensing of people flow

There are various solutions to measure people flow. For example, security cam-
eras can be used, although they may present a privacy problem. To solve this
privacy problem, multiple electro-optical devices such as LRF [5] and light de-
tection and ranging (LiDAR) [9] can be applied to measure people flow in a
large room or space with many people. These solutions can measure people flow
more accurately, but to use them in a large space or room, multiple LRFs must
be installed. In addition, multiple sensors require a complex network environ-
ment and data aggregating and analyzing system such as people detection and
tracking. Therefore, multi-sensor solutions cost more to not only install but also
operate and maintain than single-sensor solutions, especially in a large space or
room with a lot of people.
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2.2 Indirect sensing and estimation of people flow

To solve the privacy problem, indirect methods to estimate people flow have
been proposed. For example, Longo et al. proposed a method to estimate the
number of people using Bluetooth or Wi-Fi signals emitted by visitors’ devices
[10]. Mateos-Sánchez et al. tried to estimate occpancy in indoor and outdoor
space using BLE and open data [11]. However, these methods cannot sense or
estimate people without devices that emit such signals. Zou et al. proposed a
method to estimate the number of people using propagation and reflection of
WiFi signals in a smart building without visitors’ devices [12]. However, their
proposal has been applied to estimate fewer than 12 people in a room about
8 m× 8 m. Therefore, their proposal seems difficult to use to estimate people
flow in a large space or room with many more people.

Arief-Ang et al. tried to estimate the number of people in a small room and
large hall by using a CO2 concentration sensor [6]. In a large facility, a method
using CO2 concentration is cheaper to install, maintain, and operate than direct
sensing methods because CO2 concentration sensors are already installed and
used in smart buildings with HVAC, BEMS or BAS. However, in a large facility
where a lot of people go in/out frequently, the number of people is difficult to
estimate with a general estimation model with a fixed time window because
the facility also has air-conditioning or ventilation systems, which affect the
difference in change speed between the number and dwell time of visitors and
CO2 concentration.

2.3 Indirect estimation with HVAC system

In HVAC system, not only temperature and humidity but also the volume of
air supply and CO2 concentration, which is useful for estimating the number
and dwell time of visitors, are measured for controlling the environment in a
room. Therefore, studies have tried to estimate the number of visitors in a room
using HVAC system data including CO2 concentration. For example, Ebadat
et al. tried to estimate the occupancy level, which was at most five people, in
a small room using standard HVAC system data and a fused-lasso regression
model [13]. Alam et al. tried to estimate the occupancy level, which was at most
five people, in a small room with automated ventilation system using a dynamic
neural network with the number of neurons and tapped delay lines [14]. However,
previous studies have only tried to estimate at most several people in a small
room such as a class room or small office.

3 Requirements and Issues
3.1 Requirements

In this section, we try to extract requirements to estimate people flow in a large
space or room in a large facility.

First, we focus on requirements for people flow estimation on the basis of
the needs of facility managers and operators. In general, one of their most im-
portant tasks is maintenance, including cleaning, air-conditioning, and repairing
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facilities. Specifically, they want to clean and repair facilities during times and
days with few people and without dynamic people flow. For air-conditioning,
they want to maintain a comfortable air temperature and humidity and save
energy in response to the number and dwell time of visitors in rooms because
human body temperature affects room temperature. Another important task is
to promote their facility to tenants and visitors. To enhance the value of their
facility, they must determine how many people come into the facility for how
long because they can analyze and understand the use pattern of the facility
on the basis of such data. Therefore, facility managers and operators need to
estimate people flow data including the number and dwell time of visitors.

On the other hand, facility managers and operators also need to consider
the costs of sensing and estimation, i.e., the costs of installing, maintaining, and
operating the sensors and system. Especially, to estimate people flow in a large
room or space, a solution is required that has many sensors and a complex data
aggregation and analysis system. Therefore, people flow needs to be estimated
without many sensors or a complex system but with existing or few sensors.

In addition, a large space or room in such facilities can contain many people,
and the number of people can dynamically change. Therefore, a method is needed
that can estimate many visitors, e.g., more than 500, who go frequently in/out
of a large-scal indoor space such as a lobby or hall.

Lastly, since HVAC operation is changed to control temperature and hu-
midity during all seasons, facility management using people flow is needed at
all times in all seasons. Therefore, a method is needed that can estimate the
number and dwell time of visitors in all seasons.

As a result, four requirements are extracted.

1 Estimating the number and dwell time of visitors in a large room or space.
2 Using only existing sensors in a facility, such as sensors in a HVAC or BEMS.
3 Estimating large numbers of people (more than 500) who go in/out of a large
space or room.

4 Estimating the number and dwell time of visitors in any season.

3.2 Problem

In this section, we clarify the main problem in this paper on the basis of the
requirements described above. In general, large facilities have a BEMS or BAS
that includes CO2 concentration sensors. Estimating people flow on the basis of
these systems and sensors is much cheaper than other approaches with multiple
LRFs, cameras, and so on. However, in such facilities, people flow is difficult
to estimate from CO2 concentration because not only does CO2 concentration
change much more slowly than the number and dwell time of visitors and with a
delay but also these differences change depending on the amount of ventilation
in HVAC operation, which is affected by seasonal climate. In particular, these
difficulties seem to be more critical in large-scale indoor spaces.

Therefore, the main problem to overcome is to estimate the number and
dwell time of visitors in a large space or room using CO2 concentration data
measured from HVAC or BEMS in response to differences in their change speeds
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and changes in these differences caused by air-conditioning or ventilation, which
is affected by seasonal changes in temperature and humidity.

4 Method
To solve this problem and satisfy requirements 1-3, we proposed a novel method
(partial modeling with a variable time window) and evaluate it with limited data
in specific seasons [15]. In this paper, we evaluate our proposal with three dif-
ferent seasonal datasets to clarify its feasibility in different seasons and whether
it satisfies all four requirements.

Here, we introduce details of our proposed method: partial modeling with a
variable time window. Partial modeling is a method to learn and make a model
with selected learning data similar to a target point [16] and has been applied
to make the model with non-linear and complex systems such as a chemical
plant [17]. We extend it to apply it to variable changes in relationships between
CO2 concentration and the number and dwell time of visitors by selecting a
time window in the model. Fig. 1 shows the flow of our proposal to estimate
the number and number × dwell time (sec) of visitors. Our proposal consists
of two phases: 1) make models with multiple patterns of the time window δt
and number of selected learning data n, and 2) select the model with the most
suitable δt and n and use it to estimate the number of visitors or number ×
dwell time of visitors.

In phase 1, first, initialize the parameters: target time t for the estimation,
maximum of time window δtmax, minimum of time window δtmin, maximum
number of data nmax, and minimum number of data nmin for modeling. Ini-
tialize variables δt = δtmin, n = nmin. Then, obtain explanatory variables: CO2
concentration (CO2), inverter output of air supply (INV output), and difference
in CO2 concentration from a recent time window (CO2 dif) from time t− δt to
t+δt and combine them as vector X. Next, for each timestamp t′ in the database
(DB), extract variables CO2, INV output, CO2dif, and target variable; number
of visitors or number times dwell time of visitors from t′ − δt to t′ + δt and
make vector Xall and Yall, respectively. To select learning data, calculate distt.t′
on the basis of formula (1). Then, select Xt′ and Yt′ on the basis of distt.t′ and
K-nearest neighbor(k-NN) method with n and learning data vector Xlearn and
Ylearn.

distt.t′ = |Xt −Xt′ | (1)

Therefore, make model α on the basis of formula (2) and calculate the model’s
score scoreδt.n = |Y − αXlearn|. Lastly, increment δt or n and process the same
flow until δtmax or nmax, respectively.

Ylearn ≈ α×Xlearn (2)

In phase 2, extract the best model α∗, time window δ∗t on the basis of the
minimum score. Then, extract explanatory variables; CO2, INV output, and
CO2 dif from t − δt∗ to t + δt∗ as vector X. Lastly, estimate the number of
visitors or number times dwell time of visitors Ŷt on the basis of formula (3).
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Fig. 1. Flow of our proposed method

Ŷt = α∗ ×X (3)

5 Evaluation
5.1 Target facility and space

We have evaluated our proposal with data measured in the lobby of a building
containing both shops and offices. Fig. 2 shows the layout of the target lobby,
which is about 25 meters × 10 meters × 10 meters (height). For measuring
correct data, seven LRFs were installed that measured the number of visitors,
which is defined as the number of unique people in the lobby at each 10 min,
and the number × dwell time of visitors, which is defined as the summation of
dwell time of each visitor in the lobby at each 10 min.

5.2 Evaluation settings

Data continuously collected over 198 days (from Aug. 1. 2019 to Feb. 15. 2020)
were used for the evaluation. In our previous research, only 14 days of fall data
were used as test data to evaluate the basic effectiveness of our proposal. In this
paper, to evaluate the effectiveness of our proposal in summer, fall, and winter,
data measured on 14 selected days in each season (summer: from Aug. 19. to
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Fig. 2. Target lobby

Sep. 1. , fall; from Oct. 15. to Oct. 28. and winter; from Jan. 11. to Jan. 24, 2020)
were used as test data, and the remaining data were used as learning data. We
choosed these seasons because in Japan, temperature in spring is similart to that
in fall [18]. The features in the evaluation are CO2 concentration (CO2), inverter
output of air supply (INV output), and difference in CO2 concentration from
recent time window (CO2 dif). Target variables are the number of visitors and
number × dwell time of visitors, which were evaluated separately. Their time
window is 10 min.

Our proposed time window is variable from 3 (30 min.) to 12 (120 min.),
and the number of selected learning data is also variable: 25, 50, 75, and 100.
Support Vector Regression (SVR) [19] was used for the estimation.

For comparison, basic SVR models with a predefined time window (from 3
to 12) were applied to the same estimation.
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5.3 Results

Fig. 3 shows results for the correlation coefficient r in estimating the number
of visitors by each method for each season. Fig. 4 shows results of the ratio
of mean squared error (RMSE) in estimating the number of visitors by each
method for each season. Fig. 5 shows results for the mean squared error (MSE)
and its paired t-test in estimating the number of visitors by each method for
each season. The results show that our proposal can estimate the number of
visitors more accurately than all comparison methods significantly.
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Fig. 3. Results for the correlation coefficient r in estimating the number of visitors by
each method for each season
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Fig. 4. Results for the ratio of mean squared error (RMSE) in estimating the number
of visitors by each method for each season

�

��

��

��

��

��

��

��

	
��� ���� �����

���������

����������

���������

����������

���������

����������

���������

�����������

�������

��

��

��

��

��

��

��

��

��

��

��

��

**: p<0.05, *: p<0.01
Fig. 5. Results for the mean squared error (MSE) and its paired t-test in estimating
the number of visitors by each method for each season

Fig. 6, 7, and 8 show an example of the results and length of time window se-
lected by our proposal in estimating the number of visitors on a certain weekday
in summer, fall, and winter, respectively.
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Fig. 6. Results of each method for estimating the number of visitors and length of time
window selected by our proposal on a certain weekday in summer
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Fig. 7. Results of each method for estimating the number of visitors and length of time
window selected by our proposal on a certain weekday in fall



Title Suppressed Due to Excessive Length 35

�

�

�

�

�

��

��

�

���

���

���

���

���

���

	��

	
�� �
�� �
�� ��
�� ��
�� ��
�� ��
�� ��
�� ��
�� ��
�� �	
�� ��
�� ��
�� ��
��
��������

����������

������ ��������

����

����	
 �������	��	���������

Fig. 8. Results of each method for estimating the number of visitors and length of time
window selected by our proposal on a certain weekday in winter

Fig. 9 shows results for the correlation coefficient r in estimating the number
× dwell time of visitors by each method for each season. Fig. 10 shows results
of the RMSE in estimating the number × dwell time of visitors by each method
for each season. Fig. 11 shows results for the MSE and its paired t-test in es-
timating the number × dwell time of visitors by each method for each season.
The results show that our proposal can estimate number × dwell time of visitors
more accurately than all comparison methods significantly.
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Fig. 9. Results for the correlation coefficient r in estimating the number × dwell time
of visitors by each method for each season
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Fig. 10. Results for the RMSE in estimating the number × dwell time of visitors by
each method for each season
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Fig. 11. Results for the MSE and its paired t-test in estimating the number × dwell
time of visitors by each method for each season

Fig. 12, 13, and 14 show an example of the results and length of time window
selected by our proposal in estimating the number × dwell time of visitors on a
certain weekday in summer, fall, and winter, respectively.
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Fig. 12. Results of each method for estimating the number × dwell time of visitors
and length of time window selected by our proposal on a certain weekday in summer



38 K. Tsunoda et al.

�

�

�

�

�

��

��

�

����

�����

�����

�����

�����

�����

	
�� �
�� �
�� ��
����
����
����
����
����
����
���	
����
����
����
��

��������

����������

������ ��������

���� ����

��	
�� ������������������	��

Fig. 13. Results of each method for estimating the number × dwell time of visitors
and length of time window selected by our proposal on a certain weekday in fall

�

�

�

�

�

��

��

�

����

�����

�����

�����

�����

�����

�����

	
�� �
�� �
�� ��
�� ��
�� ��
�� ��
�� ��
�� ��
�� ��
�� �	
�� ��
�� ��
�� ��
��

��������

����������

������ ��������

���� ���� ��	
�� ������������������	��

Fig. 14. Results of each method for estimating the number × dwell time of visitors
and length of time window selected by our proposal on a certain weekday in winter
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5.4 Discussion
The results clarify that our proposal accurately estimates the number of visitors,
especially rapid increases and decreases of visitors at around 9:00 and 12:00 by
selecting the length of the time window in each time and season. Especially, it
seems that our proposal tends to select a shorter time window when the number
of visitors changes drastically, i.e. from 8:00 to 10:00 or 18:00 to 20:00. This
seems to be because our proposal can adapt to differences in the speed of change
and changes in the differences between the CO2 concentration and the number
of visitors by automatically deciding the best length of the time window in the
model.

Fig, 4 and 10 show that not only our proposal but also comparison meth-
ods estimate the number and number × dwell time of visitors in summer more
accurately than in fall and winter. This seems to be because of the difference
of HVAC operation in each season. Specifically, HVAC supplies cool air almost
all the time in summer, but it supplies either cool or warm air to adjust the
indoor temperature affected by the outdoor temperature, which might change
more in fall or winter than in summer. Our proposal is effective in these three
seasons as shown in Fig. 3, 4, 5, 9, 10, and 11. However, to improve the accuracy,
parameters related to supply air temperature should be added to our proposal.

Here we also discuss use-case of outputs from our proposal. Our proposal can
estimate both the number of visitors and number × dwell time of visitors. They
generally have a positive correlation, but the difference in their changes appeared
in the target lobby as shown in Figs. 8 and 14 that are measured on the same
winter weekday. If we focus on both data, they have different peaks. For example,
the number of visitors peaks at about 10:00 whereas the number × dwell time of
visitors peaks at about 9:00. This suggests that the average dwell time is longer
at 9:00 than that at 10:00. It also suggests that managers and operators of the
facility can understand how to best use the lobby at any time in a day. In this
example, the lobby might be crowded with many visitors who might work in
offices in the facility, so someone might need to guide visitors to walk in lines at
9:00 on weekdays, or facility manager might control heating function in HVAC
system to be comfortable environment for waiting people at 9:00 and walking
people at 10:00 respectively based on [20]. Therefore, our proposal should also
help facility managers and operators to work more efficiently and effectively
without installing, operating, or maintaining additional sensors and systems.

Lastly, we describe the important limitation of our contributions. For the
target building in this paper, most visitors are adults, who emit more CO2 than
children . Therefore, if more children visit the target building, our proposal will
need its parameters to be adjusted, other features will need to be added such as
school schedules, or the algorithm will need to be improved.

6 Conclusion
In this paper, we tried to estimate the number and dwell time of visitors in a large
room or space with CO2 concentration measured by building energy management
system (BEMS) or building automation system (BAS) and without additional
sensors or systems. Our contributions are as follows.
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– We proposed partial modeling with a variable time window, which can select
the most suitable length of a time window in the model to overcome the
difference in the speed of changes between the CO2 concentration and the
number and dwell time of people and changes in the difference caused by a
change in the amount of ventilation. We used our proposal to estimate both
the number of visitors and number × dwell time of visitors in a large-scale
indoor space with more than 500 people in summer, fall, and winter.

– We demonstrated the effectiveness of our proposal in summer, fall, and win-
ter and investigated the differences in its effectiveness in those three different
seasons. We also clarified that our proposed method satisfies all four require-
ments: 1) estimating the number and dwell time of visitors in a large room or
space, 2) using only existing sensors in a facility, 3) estimating large numbers
of people (more than 500) who go in/out of a large space or room, and 4)
estimating the number and dwell time of visitors in any season.

– We also demonstrated that outputs of our proposal are useful and effective
for facility managers and operators to understand how to best use a facility
at any time every day without needing to incur additional installation and
maintenance costs with the example of heating-ventilation-air conditioning
(HVAC) operation in winter.

Future work includes evaluating how well our proposal estimates the number
and dwell time of visitors including more children and estimate them in a large
room and space with multiple ventilation systems or in divided areas in a large
room or space.
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