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HIGHLIGHTS

• The proposed framework can fuse a statistical model and an observation model for better occupancy

estimation.

• The statistical model can capture the temporal dependency of the building occupancy.

• Observation model can estimate the occupancy level from carbon dioxide concentration.

• A novel ensemble learning method is proposed for observation model identification.
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Bayesian filtering for building occupancy

estimation from carbon dioxide concentration
Chaoyang Jiang, Zhenghua Chen, Rong Su, Mustafa Khalid Masood, and Yeng Chai Soh

Abstract

This paper proposes a new framework based on Bayesian filtering for building occupancy estimation

from the observation of carbon dioxide concentration. The proposed framework can fuse a statistical

model and an observation model for better occupancy estimation. The statistical model can capture the

temporal dependency of the building occupancy, and the first-order inhomogeneous Markov model is

utilized for the estimation of occupancy transition probability. The observation model can estimate the

occupancy level from carbon dioxide concentration. The likelihood is obtained from the solution of the

observation model. To identify the observation model, we present a novel ensemble extreme learning

machine technique. Applying the Bayes filter technique, we can fuse the transition probability and the

likelihood for better occupancy estimation. The proposed framework can be applied for general cases of

occupancy estimation, and the solution outperforms the results of the observation model. The results of

a real experiment show the effectiveness of the proposed method.

Index Terms

Building occupancy estimation, carbon dioxide concentration, Bayesian filtering, inhomogeneous

Markov model, ensemble extreme learning machine.
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I. INTRODUCTION

Buildings consume around 40% of the total energy in the world when providing comfortable and

healthy indoor environments [1]. Heating, ventilation, air-conditioning, and lighting (HVAC&L) systems

account for the largest proportion of energy consumption in buildings. The occupancy-based control of

HVAC&L systems offers considerable potential for energy saving [2]–[5]. The absence and presence of

occupants can suggest the active periods of HVAC&L systems [3]–[5]. During the active periods, the

real-time occupancy level is a key input for the demand-driven HVAC&L operations [6]–[9]. Therefore,

occupancy information is an essential component of energy-efficient HVAC&L systems in intelligent

buildings.

A. Related prior works

Numerous methods have been proposed to estimate indoor occupancy. Vision-based methods [10] can

provide very good results but suffer from high equipment costs and privacy concerns. Terminal-based

methods require that each occupant uses a device such as a keyboard and mouse [11], smartphones with

WiFi [2], [9] or radio frequency identification tags [12]. The data security in terminal-based methods is

an issue and the estimation result is actually the number of devices, which may not equal the number of

occupants. The pyroelectric infrared sensors can detect the movement of occupants but cannot provide

the occupancy level [13]. Other sensors such as chair sensors [8] and smart meters [14] only detect the

occupants performing specific activities. Consequently, it is very interesting to develop a non-intrusive

and low-cost method for the estimation of occupancy levels.

Environmental sensors such as temperature, humidity and carbon-dioxide sensors are non-intrusive

and available for many HVAC systems. No additional cost is required for environmental data acquisition.

Hence, environmental sensor-based methods have become a popular way for occupancy estimation [15]–

[22]. In these papers, various machine learning algorithms such as Naive Bayes classifier [15], hidden

Markov model [16], [17], artificial neural network [17], decision tree [18], k-nearest neighbours [18],

[19], linear discriminant analysis [19], [20], and extreme learning machine (ELM) [21], [22] have been

applied to infer the occupancy level.

Among all environmental parameters, the carbon-dioxide concentration has the highest correlation

with the number of occupants [23]. Assuming that the indoor carbon-dioxide concentration is uniform,

we can directly obtain the occupancy level from the mass balance equation of the carbon-dioxide

concentration [25]–[28], which is a first-order ordinary differential equation in terms of the carbon-dioxide

concentration. In this method, the estimation results depend on the accuracy of calculated carbon-dioxide

differentials, resulting in serious errors because of the uncertainties of carbon-dioxide measurements and
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the unpredictable openings of doors and windows [23]. Based on the mass balance equation, a recent work

provided a stochastic differential equation for occupancy estimation, which greatly improve the estimation

accuracy [24]. Instead of the mass balance equation, the authors in [23] identified a carbon-dioxide-based

occupancy estimator using a machine learning technique. In addition, carbon-dioxide sensors are often

combined with non-environmental sensors such as cameras [29], computer power consumption [30], power

meters and microphones [31] for occupancy estimation. More discussions about the building occupancy

estimation can be found in the survey paper [32].

Many recent studies estimate the indoor occupancy level from various types of sensor observations

by learning a model/function/classifier, which formulates the relationship between the occupancy levels

and the corresponding sensor observations [32]. In this paper, we call the model/function/classifier as the

observation model of occupancy levels. In addition, for many application scenarios such as offices and

class rooms, the occupancy level can be estimated without any sensor observations. We can view each

day’s occupancy level of a certain room as a time series. Without any sensor observations, based on the

statistical information of historical data, the number of indoor occupants can be predicted by using some

statistical technique such as agent based models [33], Markov chain models [34], [35], and generative

adversarial network [36]. We call these models the statistical models of occupancy levels.

B. Our contributions

The occupancy information is derived from the sensor measurements when using the observation

model, while the statistical model provide the occupancy information based on a temporal model such

as a time-series. The information sources of the two models are totally different, and each of them can

provide different information. Hence, it has a large potential to achieve better occupancy estimation if

we fuse the two models. In this paper, we propose a new framework in which we fuse the results of a

statistical model and an observation model via Bayes filter for better occupancy level estimation. Bayes

filter, also known as recursive Bayesian filtering, can provide real-time posterior probability density/mass

function (pdf/pmf) of the state (occupancy level) based on all available information, including the initial

pdf/pmf, the transition probability matrix obtained from the statistical model and the likelihood obtained

from the observation model. The solution of Bayes filter is viewed as ‘optimal’ because the optimal

estimate with respect to any criterion can be obtained from the posterior pdf/pmf [37], [38]. When using

Bayes filter, the state is assumed to follow a first-order Markov process. Due to the Markov property of

occupancy behavior, Markov chains were commonly used to capture the temporal dependency of indoor

occupancy [16], [17], [34], [35]. Hence, Bayes filter can be naturally used to combine the statistical

model and the observation model for indoor occupancy estimation.
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Since the probability of each day’s occupancy level is time-dependent, instead of the homogeneous

Markov model used in prior works [35], [39], we leverage on the first-order inhomogeneous Markov chain

to formulate the statistical model. Correspondingly, a series of time-varying (inhomogeneous) transition

probability matrices are used to reveal the temporal dependency of indoor occupancy.

We propose a difference equation in terms of the occupancy level to formulate the observation model,

in which the occupancy level at a particular time instant depends on the measured carbon-dioxide

concentration and the estimated occupancy level in a past time horizon. The ELM algorithm has been

widely used for occupancy estimation [16], [21]–[23], especially for feature selection in occupancy

estimation [16], [21], [22] due to its fast learning-speed. In the ELM algorithm, however, the input-layer

weights are randomly generated [40], which results in diverse solutions. To address the solution diversity

of the ELM model, ensemble methods are very effective choices [41]. Hence, we select the ensemble

ELM algorithm to identify the observation model. Here, ‘ensemble’ means that we run many different

ELMs and then find the final solution based on the voting result of all ELM solutions. Considering the

extremely fast learning-speed of ELM, the computational cost of the ensemble ELM is still not expensive.

From the results of the observation model, we can obtain the likelihood of the occupancy level. With

the transition probability matrix and the likelihood, we can achieve the posterior pmf via Bayes filter.

The optimal estimation in the sense of minimum mean-squared-error (MMSE) is the conditional mean

of occupancy level, which can be easily calculated from the pmf.

We tested the proposed method in an air-conditioned office room. The experimental results show that

1) the ‘ensemble’ strategy is effective; 2) the Bayes filter outperforms the observation model; and 3) the

Bayes filter outperforms the state-of-the-art approaches in [16]–[18], [20], [21], [23].

II. PROBLEM STATEMENT

A. Experiment description

In this work, we measured the carbon-dioxide concentration in the office space of a laboratory whose

layout is shown in Figure 1. The size of the office space is 20m long, 9.3m wide and 2.6m high. The

office space consists of 24 office cubicles for research students/staff and 11 open seats for undergraduate

students. The five open seats in the corner are rarely occupied.

The office space is conditioned using both variable air volume and active chilled beam systems, and is

mechanically ventilated using an air handling unit which delivers a constant supply of fresh air. The active

chilled beam was rarely used while both the variable air volume system and the mechanical ventilation

system were active everyday during 7:30AM to 10:00PM.
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Figure 1: The layout of the test-bed.

We used a CL11 sensor from Rotronic, which was placed at the central area of the office space (see the

red dot in Figure 1), to measure the carbon-dioxide concentration. The sensor was placed 1.1m above the

floor. The resolution of the sensor is 1 parts-per-million (ppm), and the accuracy is ±5%. The sampling

time was 1 minute.

We used two Internet protocol cameras installed at two doors of the office space to record the entries

and exits of occupants. The videos recorded by the two cameras were applied to obtain the number of

occupants in the office space, which we used as the ground truth. Normally, people counting solutions

perform automatic line or area counting from overhead cameras to obtain ground truth occupancy.

However, some error accumulation is inevitable through this approach [41]. In order to get perfectly

accurate ground truth data, we took a semi-automatic approach by applying highly sensitive motion

detection using the iSpy software (which is freely available) to generate snapshots of the frames of the

videos at every entry and exit. We then manually recorded the number of occupants corresponding to

each entry/exit event. If we noted a non-zero occupancy for any midnight, we corrected the inconsistency

by directly referring to the recorded video. We are thus confident that our ground truth data is error-free.

Using this method, we collected the occupancy data for 30 weekdays.

B. Problem description: occupancy estimation based on carbon-dioxide observations

We aim to estimate the occupancy levels of the office space in our test-bed based on real-time

carbon-dioxide measurements. Currently, it is difficult to find the exact number of indoor occupants
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from environmental sensors. Part works show that if the maximum number of indoor occupants is more

than 20, the accuracy tends to be around 50% [23], [28]. In a dense occupancy environment, many

high cost sensors are required to achieve a high estimation accuracy with respect to the exact number.

Fortunately, the alternative occupancy levels, i.e., zero, low, medium and high, are adequate for

many demand-driven control systems (for HVAC&L systems) [7], [8]. For the control of HVAC systems

in a large room such as large office and classroom, it is unnecessary to estimate the exact number of

occupants. Overestimating/underestimating several occupants has insignificant influence on the control of

HVAC systems. Hence, we introduce the concept of occupancy level.

Based on the occupancy data for 30 days in our experiment, we uniformly divide the occupancy

level. For all 30 days, the maximum occupancy number in the office space was 28, which was only

maintained for a few minutes. Hence, for each occupancy level we assigned around 9 occupants. In

this way, increasing one occupancy level leads to an almost constant mean increment of the thermal

load, which makes it easy for the demand-driven controller design of HVAC systems. The detail of the

occupancy level is defined in Table I.

Table I: The definition of occupancy level

occupancy level (x) number of occupants (o)

zero (x = l1) o = 0

low (x = l2) 0 < o ≤ 9

medium (x = l3) 9 < o ≤ 18

high (x = l4) o > 18

Theoretically, we can estimate the occupancy level per minute since the sampling time of carbon-dioxide

concentration is 1 minute in our experiment. In practice, however, the requirement of the occupancy

information in time domain depends on the operation frequency of the control systems. HVAC systems

usually has a large time constant (around 10-20 minutes), which mainly depends on the size of the

room. Hence, the operation time of HVAC control systems is also 10-20 minutes, and the requirement

of occupancy information is in a corresponding time horizon. For example, the occupancy level per 15

minutes was estimated in [16] and the occupancy level per 20 minutes was estimated in [17], respectively.

In this work, occupancy estimation refers to the estimation of the occupancy level per 15 minutes. We

aim to estimate the indoor occupancy level from the known information: the real-time carbon-dioxide

observations and the real-time ON/OFF state of the ventilation system.
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III. METHODOLOGY

A. Bayes filter

Bayes filter, also known as recursive Bayesian filtering, is considered as an optimal filter for a state

estimation problem. We use a Bayes filter to recursively estimate the posterior pmf of the real-time

occupancy level p(xn|Yn). Here, xn is the occupancy level at the time instant tn where tn = nT , n ∈ N
and T is the sampling time. Yn represents a set of observations y0:n := {y0, y1, · · · , yn}, and yn is the

observation of the occupancy level at time instant tn, which can be obtained from the observation model.

Two assumptions are used in the Bayes filter:

1) the states follow a first-order Markov process, i.e., p(xn|x0:n−1) = p(xn|xn−1);

2) the observation is conditionally independent of the previous observations given the current state,

i.e., p(yn|Yn−1, xn) = p(yn|xn).

The indoor occupancy level naturally follows a first-order Markov process. The observation model of an

occupancy level can be formulated as

yn = x̂n = xn + ωn (1)

where ωn is the observation noise. If the pmf of ωn is known, from (1) we can find that yn is independent

of Yn−1 given xn. Later, we will detail the observation model.

From the Bayes’ rule we can obtain the following conditional pmf of xn:

p(xn|Yn) =
p(Yn|xn)p(xn)

p(Yn)

=
p(yn,Yn−1|xn)p(xn)

p(yn,Yn−1)

=
p(yn|Yn−1, xn)p(Yn−1|xn)p(xn)

p(yn|Yn−1)p(Yn−1)

=
p(yn|Yn−1, xn)p(xn|Yn−1)p(Yn−1)p(xn)

p(yn|Yn−1)p(Yn−1)p(xn)

=
p(yn|xn)p(xn|Yn−1)

p(yn|Yn−1)
(2)

Equation (2) shows that the posterior pmf p(xn|Yn) is determined by the three terms:

• Prior pmf :

p(xn|Yn−1) =

4∑

i=1

p(xn|xn−1 = li)p(xn−1 = li|Yn−1) (3)

where li represents the occupancy level, [l1, l2, l3, l4] = [zero,low,medium,high], and p(xn|xn−1)
represents the transition probability of the state, which can be obtained from the statistical model
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(the first-order Markov model). In the Chapman-Kolmogorov equation (3), we use the fact that

p(xn|xn−1,Yn−1) = p(xn|xn−1).

• Likelihood: p(yn|xn) can be obtained from the observation model.

• Evidence:

p(yn|Yn−1) =

4∑

i=1

p(yn|xn = li)p(xn = li|Yn−1). (4)

The evidence can be directly obtained from the prior pmf and the likelihood. To find the prior pmf, the

key work is the estimation of the transition probability. Therefore, our main work is to find the transition

probability and the likelihood.

B. The statistical model: transition probability estimation

We view each day’s occupancy level of the office space in our test-bed as a time series. The occupancy

level has the Markov property. In other words, the occupancy level of the next time instant only depends

on the state of the current time instant and is independent of the state of previous time instants. The

Markov chain model has been shown to be effective to capture the temporal dependance in occupancy

estimation [16], [17], [34], [35]. Considering the time-dependency of the transition probability in the

occupancy dynamics discussed in [16], [17], we use the first-order inhomogeneous Markov chain to

formulate the statistical model of the occupancy level.

p(x0)

lowzero

high medium

lowzero

high medium

An|n-1

…
p(xn)p(xn-1)

Figure 2: The first-order inhomogeneous Markov chain model.

The diagram of the first-order inhomogeneous Markov chain is shown in Figure 2. The pmf of the

occupancy level at the time instant tn is

p(xn) = An|n−1p(xn−1) (5)

where

p(xn) =




p(xn = l1)

p(xn = l2)

p(xn = l3)

p(xn = l4)



,
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the transition probability matrix An|n−1 ∈ R4×4, n = 1, 2, · · · ,M , and M = 1440/T represents the

number of data points of each day (one day consists of 1440 minutes). The ith row and jth column entry

of An|n−1 is

aijn|n−1 = p(xn = li|xn−1 = lj), i, j = 1, 2, 3, 4.

Based on the historical data, we find that the occupancy level is zero during the early morning. Hence,

we set the initial probability of the occupancy level p(x0) =
[

1 0 0 0
]T

.

From the training data, we can directly calculate the transition probability:

aijn|n−1 = p(xn = li|xn−1 = lj)

=

∑m
k=1 δ(xn(k)− li)δ(xn−1(k)− lj)∑m

k=1 δ(xn−1(k)− lj)
(6)

where

δ(x) =





1 x = 0

0 otherwise,

m days occupancy data were used to learn the transition probability, and xn(k) represents the occupancy

level at tn of the kth day of the training data. In practice, however, both the numerator and the denominator

in (6) may be zero. To avoid the zero probability value, we utilize the Laplacian correction technique

to smooth the probability in (6), which is commonly used in Naive Bayesian classifier. The smoothed

transition probability is given by

aijn|n−1 = p(xn = li|xn−1 = lj)

≈ 1 +
∑m

k=1 δ(xn(k)− li)δ(xn−1(k)− lj)
nL +

∑m
k=1 δ(xn−1(k)− lj)

(7)

where nL represents the number of occupancy level, i.e., 4, in our experiment. From (7), we can easily

obtain the transition probability matrices An|n−1, for all n = 1, 2, · · · ,M .

C. The observation model: estimation of the likelihood

In this section, we firstly formulate an observation model of the number of occupants based on the

carbon-dioxide measurements. We then identify the model, and calculate the likelihood based on the

results of the observation model.

1) Observation model of the occupant number: The indoor carbon-dioxide concentration depends

on the occupancy level, the venting level, and the carbon-dioxide concentration in a past time horizon

[25]–[28]. The carbon-dioxide dynamic model can be described as a discrete-time state space model:

cn = g(cn−τ :n−1,vn−τ :n,on−τ :n) (8)
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where cn represents the carbon-dioxide concentration at tn, g(·) is an unknown function, cn−τ :n−1,

vn−τ :n, and on−τ :n represent the sequence of carbon-dioxide concentration, venting level, and the number

of occupants in the corresponding time-horizons, respectively. τ is the length of the time-horizon. We

can identify this dynamic model and then solve a deconvolution problem to estimate the occupancy level.

However, this method is prone to the errors of the identified model and the truncation errors in the

deconvolution process. From (8), we know that a dynamic model in terms of the number of occupants

exists. Considering equation (8), we describe the occupancy dynamic model as

on = f(cn−τ :n,vn−τ :n,on−τ :n−1) = f(zn) (9)

where f(·) is the model to be identified. Compared with the occupancy level, the occupant number

provides more information. Thus, in the dynamic model we set the occupant number as the state. With

this model we can recursively estimate the real-time occupant number from which the occupancy level

can be easily obtained.

2) Ensemble ELM for occupancy dynamic model identification: The structure of the ensemble ELM

for occupancy level estimation is shown in Figure 3, which then will be explained in detail.

venting 
state

feature 
extraction

ELM

ELM

ELM

ELM

...
voting

CO2 data

occupant 
number

�𝑜𝑜𝑛𝑛−1

�𝑥𝑥n

zn

θn

Figure 3: The structure of the ensemble extreme learning machine for occupancy level estimation.

Input data: As mentioned before, the input data of the dynamic model is zn = [ cTn−τ :n vT
n−τ :n oTn−τ :n−1 ]T.

In practice, the carbon-dioxide observations suffer from serious spikes due to the measurement noise,

irregular occupant movements, and irregular air movements. To reduce the influence of these spikes, we

smooth the carbon-dioxide data before using them as the training data. Details about the smoothing of

carbon-dioxide data can be found in [23]. In our test-bed, the venting rate of fresh air is a constant.

Hence, for the venting level, we only consider the ON/OFF state. If the ventilation system is ON we set

v = 1 unless we set v = 0. We use the real number of occupants in the training process, while in the

testing process the estimated occupant number is used.
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Feature extraction: Feature extraction is an effective technique for many data-driven approaches.

Some statistical features of the input data are more informative for the occupancy estimation [16], [17],

[22], [23]. Deep neural networks can automatically generate the features, but it requires a large amount of

labelled training data, which is expensive. Based on the discussion in [16], [17], [22], [23] and our own

observations from manually tuning, we use the following feature data as the input of the ELM models:

θn =




s1cn−τ :n

s2(cn−τ+1:n − cn−τ :n−1)

s3(cn−τ+η:n − cn−τ :n−η)

s4vn−τ :n

s5on−τ :n−1




(10)

where cn−τ+1:n− cn−τ :n−1 is the first-order difference of the carbon-dioxide data, cn−τ+η:n− cn−τ :n−η

is the high-order difference of the carbon-dioxide data, and s =
[
s1 s2 s3 s4 s5

]
represents the

scalable parameters. Many publications [16], [17], [22], [23] have shown that the difference of carbon-

dioxide data has a close relationship with the variation of occupant numbers.

The venting level only has two states: vn = 1 if tn ∈ [7 : 30AM, 10 : 00PM] otherwise vn = 0.

The common statistical features such as difference and average of the venting data have no obvious

influence on the occupancy estimation. In the testing process, the estimated occupant number is used as

the input data, which is not the real occupant number. This error will propagate to the next time instant.

We find that the statistical features of the estimated occupant number may enlarge the accumulated error.

Therefore, we do not extract features from the venting state and the number of occupants.

The scalable parameters can balance the huge difference between different types of data. Well-tuned

scalable parameters can improve the estimation performance. For details about the tuning of the scalable

parameters, the reader may refer to [23].

Extreme learning machine (ELM): ELM is an extremely fast way to train single-hidden-layer feed-

forward neural networks (SLFNs), which is shown in Figure 4. The input-to-hidden layer weights are

randomly generated. We only require to find the hidden-to-output layer weights. More details about ELM

can be found in [40], [43].

The output function of the ELM for SLFNs is

on =

L∑

i=1

βih(riθn + εi) = h(Rθn + ε)β (11)

where L is the number of hidden neurons, ri consists of the random weights from input layer to the

ith hidden neuron and it is the ith row of the random weight matrix R, εi is the ith row of ε and

it is a small random bias for the input of ith hidden neuron, β =
[
β1 β2 · · · βL

]T
represents
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Input layer Hidden layer Output layer



θn

R, ε

onh(Rθn+ε)

β

Figure 4: ELM for single-hidden-layer feed-forward neural network.

the hidden-to-output layer weight vector, h(·) is a prior known activation function, the commonly used

activation function is the sigmoid function, and h(Rθn + ε) is a L-dimensional row vector whose i-th

element is h(riθn + εi).

Substituting all training data into (11), we can obtain a series of linear equations with respect to

different time instants from which we can easily obtain the hidden-to-output layer weight β by solving

a least square problem. With β, we can use the SLFN to estimate the number of occupants.

Voting: In the ELM model, the input-to-hidden layer weights are randomly generated. Different weights

lead to different solutions of the occupancy estimation. To remove the diversity of the solutions and find

the best one, we implement an ensemble method. We run a group of ELMs and vote the best solution.

Specifically, we implement two votes. The first one is to vote the occupant number. The result will be

recursively used for the occupancy estimation of the next time instant which is shown as the dash line

in Figure 3. The voting result of the occupant number is

ôn = arg
i

max
0≤i≤omax

ne∑

j=0

δ
(
[ôjn]− i

)

where ôn is the voting result, omax represents the maximum number of the occupants in the office space,

i.e., 28 in our experiment, ne represents the number of ELMs, and [ôjn] is an integer rounded from ôjn

which is the solution of the jth ELM.

The second one is to vote the occupancy level. The result will be used for the likelihood calculation.
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The voting result of the occupancy level is

x̂n = arg
li

max
1≤i≤4

ne∑

j=0

δ
(
x(ôjn)− li

)
(12)

where li represents the ith occupancy level and x(ôjn) represents the occupancy level of the solution of

jth ELM. The definition of occupancy level is given in Table I.

3) Likelihood calculation: We view x̂n as the observation of the occupancy level at the time instant tn,

i.e., yn, and formulate the observation model as equation (1). Next, we calculate the likelihood p(yn|xn).

We denote the likelihood matrix by Bn for all n = 1, 2, · · · ,M . Like the method to find the transition

probability matrix An|n−1, based on the training data and the results of (12), we can obtain all entries

of Bn: For all i, j = 1, 2, 3, 4,

bijn = p(yn = li|xn = lj)

= p(x̂n = li|xn = lj)

≈ 1 +
∑m

k=1 δ(x̂n(k)− li)δ(xn(k)− lj)
nL +

∑m
k=1 δ(xn(k)− lj)

D. Occupancy estimation via Bayes filter

With the transition probability matrix An|n−1 and the likelihood matrix Bn, we can directly calculate

the posterior pmf of the occupancy level at the time instant tn.

From (3), we can obtain the prior pmf :

p(xn = li|Yn−1) = ain|n−1p(xn−1|Yn−1) (13)

where ain|n−1 is the ith row of An|n−1 and

p(xn−1|Yn−1) =




p(xn−1 = l1|Yn−1)
p(xn−1 = l2|Yn−1)
p(xn−1 = l3|Yn−1)
p(xn−1 = l4|Yn−1)



.

Substituting (13) into (4), we can obtain the evidence:

p(yn|Yn−1) =

4∑

i=1

p(yn|xn = li)p(xn = li|Yn−1)

= bi
∗

nAn|n−1p(xn−1|Yn−1) (14)

where yn = x̂n = li∗ and bi
∗
n is the i∗th row of Bn.

Substituting (13) and (14) into (2), we can obtain the posterior pmf of the occupancy level:

p(xn|Yn) =
(bi

∗
n )T ∗ (An|n−1p(xn−1|Yn−1))
bi∗nAn|n−1p(xn−1|Yn−1)

(15)

November 1, 2019 DRAFT

                  



15

where we define a new operation ‘*’: for any vectors a =
[
a1 a2 · · · an

]T
and b =

[
b1 b2 · · · bn

]T
,

a ∗ b =
[
a1b1 a2b2 · · · anbn

]T
.

We set the initial conditional pmf as p(x0|Y0) = p(x0) =
[

1 0 0 0
]T

. With the real-time

observation yn, we can recursively obtain the real-time posterior pmf from (15). With the posterior pmf

p(xn|Yn), we can easily find the final estimation of the occupancy level:

x̃n = E(xn|Yn) = li, where i = [lTp(xn|Yn)] (16)

Here, E(·) is the expectation operator, x̃n is the optimal estimate in the sense of MMSE. [lTp(xn|Yn)]

is an integer rounded from lTp(xn|Yn) in which l =
[

1 2 3 4
]T

implies the occupancy level.

With the posterior pmf of the occupancy level, we can also find the ‘optimal’ estimate in other senses.

In this work, we only consider the optimal estimate in the sense of MMSE, which is the most commonly

used criterion.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Experimental setup

Following the test-bed described in Section II, we design the observation model based on the proposed

ensemble ELM detailed in Section III-C2. The observation model contains nine design parameters that

need to be set in advance. The tuning results of the parameters are shown in Table II. The entries of the

random weight matrix R in (11) are independent, identically distributed (i.i.d.), and follow the uniform

distribution in the interval [−1, 1]. Similarly, the entries of ε in (11) are i.i.d., and follow the uniform

distribution in the interval [−0.1, 0.1].

Table II: The parameters using in the observation model identification.

τ η s1 s2 s3 s4 s5 L ne

30 10 0.0001 0.0025 0.02 0.004 0.008 1000 100

Notes: τ is the time horizon in (9), η is the order of the high-order difference in the feature vector (10), s1 to s5 are the

scalable parameters in (10), L is the number of hidden neurons in (11), and ne represents the number of ELMs used in (12).

To verify the effectiveness of the proposed ensemble method, we compare the proposed observation

model with the results of the ELM in [23], which is actually a special case of the proposed ensemble

method but only one ELM is used in Figure 3. We then compare both observation models (ELM and

ensemble ELM) with the proposed Bayes filter. To validate the generalised performance of the proposed

methods, we use leave-one-out-cross-validation (LOOCV) technique. Here, we employ five criteria to
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quantify the performance of the estimation results: the estimation accuracy, the normalized root-mean-

squared-error (NRMSE), the detection accuracy, the precision of the detection, and the recall of the

detection, which were used in [16]. We use the first two criteria to assess the performance on occupancy

level estimation. The last three criteria are used to assess the performance on occupancy detection, which

is very important in lighting control systems. The precision and recall are commonly used to validate the

robustness of binary classification.
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Figure 5: The estimated mean occupancy level per 15 minutes in five days. For the result of each day, the other

29-day data are used to estimate the transition probability and to train the observation model.
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B. Results and discussions

The HVAC systems in the test-bed make an operation every 15 minutes like the HVAC system in [44].

Hence, we apply the above mentioned methods to estimate the mean occupancy level per 15 minutes.

As mentioned in Section II, the sampling time of the carbon-dioxide sensor is 1 minute; therefore, we

can use the proposed observation model to estimate the occupancy level per minute. Considering the

requirement of the HVAC system, we estimate the mean occupancy level every 15 minutes. For example,

at 8:00AM of some day, the mean occupancy estimation is

ō8:00 =
1

15

8:00∑

t=7:46

ôt

Substituting ō8:00 into Table I, we can obtain the estimated occupancy level per 15 minutes.

The estimated occupancy levels in five days are shown in Figure 5. Here, we use the features discussed

in Section III-C2 for both one ELM and the ensemble ELM. Hence, one ELM is the same as the feature

scaled ELM in [23]. In the Bayes filter, we use the observation model identified from the ensemble ELM.

Figure 5 shows that the solutions of the proposed ensemble ELM are better than those of the ELM,

which was used in [23]. Specifically, in the last three days, the ensemble ELM finds the high occupancy

level while the ELM does not. Because of the random weighting, the solutions of ELM models are diverse

with respect to different input-to-hidden layer weights. However, the solutions of all ELM models are

around the optimal solution [40]. In the proposed ensemble ELM method, we find a group of solutions

from differen ELM models and then select the best one by voting. Therefore, the ensemble method can

provide better solutions.

It is obvious that the Bayes filter outperforms the ensemble ELM model. With the help of the prior

statistical information, Bayes filter can correct part of the wrong estimation of the observation model, i.e.,

the ensemble ELM model. Specifically, the proposed Bayes filter improve the solution of the observation

model from two perspectives:

• Utilized the prior information, i.e., the statistical model obtained from the empirical occupancy data,

the Bayes filter can correct some irregular estimations based on carbon-dioxide observations. For

example, in the evening of Day 4 in Figure 5, the estimated occupancy level of the ensemble ELM

model jumps from low to medium, which is irregular, and the proposed Bayes filter can correct

the medium to be low. In addition, almost every noon, i.e., the lunch time, the occupancy level

jumps to be low. Therefore, at the noon of Day 5, the Bayes filter can correct the occupancy level

medium to be low.

• Bayes filter can reduce the time-delay of the solutions obtained from the observation model around

the midnight. The last-leave of each day was at around 23:30 PM, and the air-conditioning and
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ventilation systems have turned off for around one and a half hours. Without the ventilation system,

the reduction of carbon-dioxide concentration has a large time-delay; therefore, the solution of

the observation model probably has a time-delay. The historical occupancy data provides the prior

probability whether the test-bed is occupied around the midnight with which the Bayes filter can

enhance the solutions of the observation model and thus reduces the time-delay.

Actually, Bayes filter can also reduce the time-delay in every morning. However, the improvement is

insignificant compared with that in every midnight. The first-arrival of each day is at around 8:30 AM

and the air-conditioning and ventilation system has worked around one hour. Thus, the carbon-dioxide

concentration is very low when the first person arrivals. Once the carbon-dioxide concentration increases,

the observation model will immediately detect the occupancy; therefore, the time-delay of the solution

obtained from the observation model in every morning is much smaller than that in every midnight, and

the time-delay reduction by the Bayes filter is also smaller.

Table III: The performance of the proposed Bayes filter compared with the results directly obtained from observation

models.

criteria ELM [23] Ensemble ELM Bayes filter

estimation accuracy (%) 82.67 83.11 85.57

NRMSE 0.1408 0.1377 0.1270

detection accuracy (%) 95.80 95.71 97.69

precision (%) 95.03 95.65 98.42

recall (%) 98.23 97.47 97.77

Notes: Both the input of the ELM and that of the ensemble ELM are the same features. The five criteria refer to the results

of leave one out cross validation.

To quantitatively show the effectiveness of the proposed Bayes filter, we calculate the five criteria of

the LOOCV results and shows them in Table III. The estimation accuracy and NRMSE show that the

ensemble ELM outperforms ELM and that the proposed Bayes filter outperforms the ensemble ELM

model. The detection accuracies also indicate that the Bayes filter greatly improve the estimation of the

observation model. The precision and recall of the Bayes filter are quite high, which shows the robustness

of the proposed method.

C. Comparison with the state-of-the-art

The data of this experiment has also been used in [16] in which data for 31 days were used. The active

time of the ventilation system of one of the 31 days is unknown, hence in this paper, we only use the data
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Table IV: The performance comparison between the proposed Bayes filter with the state-of-the-art.

criteria Dong’s

[17]

Yang’s

[18]

Masood’s

[21]

Candanedo’s

[20]

Jiang’s

[23]

Chen’s

[16]

Bayes filter

estimation accuracy (%) 71.46 66.67 72.31 70.21 73.96 75.21 77.29

NRMSE 0.1912 0.2509 0.2322 0.2297 0.1701 0.1660 0.1588

detection accuracy (%) 93.13 90.21 92.38 88.54 92.71 94.37 97.29

precision (%) 91.83 89.65 91.09 86.52 88.99 93.45 95.92

recall (%) 94.46 90.20 93.82 91.28 100 95.29 99.65

of the other 30 days. In [16], the authors did a very good comparison among the state-of-the-art techniques.

Following the same style, we compare the proposed Bayes filter with the state-of-the-art approaches. The

results are shown in Table IV. Noted that our prior work [23] estimate the occupancy level only using the

carbon-dioxide concentration while all other methods in Table IV using the environmental data including

carbon-dioxide concentration, temperature, relative humidity and pressure.

In [16], the definition of the occupancy level is different with that in Table I. The authors in [16]

considered the balance of occupancy data of each level, i.e., each occupancy level was assigned almost

the same amount of training data, and set the occupancy range of low to 1-6 occupants, medium to

7-14 occupants, and high to more than 14 occupants. In addition, [16] used five-day data for the testing.

Hence, for an easy comparison, all methods in Table IV use the same five-day data for the testing and

the same definition of the occupancy level in [16]. It is clearly shown in Table IV that for both estimation

accuracy and the detection accuracy, the proposed Bayes filter has the best performance.

Figure 6: Performance comparison between Chen’s online IHMM-MLR [16] and the proposed Bayes filter.

Table IV shows that for all prior works, the inhomogeneous hidden Markov model with multinomial

logistic regression (IHMM-MLR) proposed in [16] provides the best solution. We show the details of

the solutions of the IHMM-MLR with the proposed Bayes filter in Figure 6. We can find from Figure 6
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that Bayes filter outperforms the IHMM-MLR, especially in the areas of the marked circles. For the time

slots around midnight of all the five days, the solutions of IHMM-MLR are always not better than the

solutions of the proposed Bayes filter. Actually, we can view all state-of-the-art methods in Table IV as

observation models and apply the proposed Bayes filter to improve the solutions of the state-of-the-art

techniques.

V. CONCLUSIONS AND FUTURE WORKS

In this work, we propose a framework to apply the Bayes filter for indoor occupancy estimation

from the observations of carbon dioxide concentrations. In this way, both the statistical information and

the observation model of the occupancy data can be fully utilized for the occupancy estimation. The

experimental results show that the proposed ensemble ELM outperforms the ELM for identification of

the observation model. The proposed Bayes filter can enhance the solution of the observation model by

fusing the statistical model and the observation model.

The proposed Bayes filter only requires the solution of the observation model and has no limitation

for the forms of the observation model. Hence, we can apply the Bayes filter for all the current methods

which can be viewed as different observation models. The performance of the Bayes filter depends on

the estimation of the transition probability matrix and the solution of the observation model. The future

work can focus on the improvement of the transition probability matrix and the performance of the

observation model. To find better transition probability matrix, we need more historical occupancy data.

If no additional occupancy data is available, the simulated data using the generative adversarial network

may be used to enhance the transition probability matrix. In practice, it is expensive to obtain the real

occupancy data. However, the carbon-dioxide data is easily collected. Hence, we can use semi-supervised

learning techniques to achieve better observation models.
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