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Abstract—Building occupancy estimation holds great
promise for building control systems to save energy and
provide a comfortable indoor environment. Existing so-
lutions turn out to be lacking in practice due to their
specific hardware requirements and/or poor performances.
Recently, an LED light sensor based occupancy estimation
system which is non-intrusive and does not require any
additional hardware has been proposed. However, the per-
formance of the system is limited, especially in a compli-
cated dynamic scenario. In this paper, a Bayes filter with
neural networks is proposed for the optimal estimation of
occupancy based on light sensor data. Specifically, based
on the formulation of Bayes filter, the posterior probability
of the building occupancy can be decoupled into three com-
ponents: the prior, likelihood and evidence. The prior and
likelihood are respectively estimated from a Markov model
and an efficient Single-hidden Layer Feedforward Neural
network (SLFN). Finally, the evidence can be obtained by
the results of prior and likelihood. Real experiments have
been conducted to verify the effectiveness of the proposed
approach in two complicated scenarios, i.e., dynamic and
regular. Results indicate that the proposed Bayes filter
outperforms all the benchmark approaches. The impacts
of the number of LED sensing units and the number of
hidden layers for neural networks are also evaluated. The
results manifest that the number of sensing units should be
chosen based on the required performance and the SLFN is
sufficient for this application.

Index Terms—Building occupancy estimation, LED light
sensor, SLFN, Bayes filter.

I. INTRODUCTION

DUE to the large energy consumption of buildings, more
and more attention has been paid on energy-efficient

buildings. To achieve this objective, one crucial step is to
know how many occupants (occupancy) in a room so that
occupancy driven control can be implemented to save energy
and provide a comfortable indoor environment. For instance,
Balaji et al. presented an occupancy driven control of HVAC
(Heating, Ventilation, and Air Conditioning) systems, which
is able to achieve an energy saving of 17.8% in one day
experiment [1]. In [2], the authors proposed an efficient
energy management system based on actual occupancy. The
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experiments demonstrated an energy saving of some 30%
without compromising thermal comfort.

Many sensors can be employed to estimate occupancy
indoors. Passive infrared (PIR) sensor is able to detect the
moving occupants of an area, indicating the presence or ab-
sence of the area [3]. It will give wrong detection results when
occupants are static. Besides, the more valuable information
of occupant number cannot be derived. Wearable devices such
as RFID and smartphones are also widely used for occupancy
inference by counting the number of devices in an environment
[4], [5]. These solutions will miss the occupants who forget
to take the required devices. Since the presence of occupants
will influence some environmental parameters, such as CO2,
temperature, humidity, etc., environmental sensor based occu-
pancy estimation systems become popular in recent years [6],
[7]. Due to the complex relationship between environmental
parameters and indoor occupancy, the estimation performance
of these systems is limited. Owing to the wide availability
of WiFi signals, WiFi based occupancy estimation has been
developed under the principle that occupants will affect WiFi
signal characteristics [8], [9]. However, WiFi based solutions
often have low estimation accuracy. With the powerful image
processing technology, camera based occupancy estimation
systems have achieved high estimation accuracies [10], [11],
[12]. However, they often suffer from some issues such as
poor illumination conditions and privacy concerns. Some other
solutions based on specific activities of occupants, such as
the use of chairs or some appliances, can be found in [13],
[14]. These solutions will miss occupants that do not perform
the specific activities. The sensors mentioned above turn out
to be impractical due to their specific requirements and/or
limited performance for occupancy estimation. A comprehen-
sive review on different sensors for occupancy estimation and
detection can be found in [15].

The algorithm for occupancy estimation is to build a rela-
tionship between sensor readings and the number of occupants.
Due to their complex relationship, an accurate and explicit
modeling between sensor measurements and occupancy is
extremely difficult. An alternative way is to use machine
learning techniques to approximate this complex relationship.
Many advanced learning algorithms have been developed for
occupancy estimation in the literature.

In [16], Dong et al. proposed an occupancy estimation
system via three traditional machine learning algorithms, i.e.,
Artificial Neural Network (ANN), Support Vector Machine
(SVM) and Hidden Markov Model (HMM). Masood et al.
applied a fast learning algorithm of Extreme Learning Machine
(ELM) to estimate building occupancy [17]. Due to the fast
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learning speed of the algorithm, they also performed an ELM-
based wrapper method to select the best features. Jiang et
al. proposed a feature scaled ELM for occupancy estimation
[18]. Candanedo et al. compared different learning algorithms
including Linear Discriminant Analysis (LDA), Classification
and Regression Trees (CART) and Random Forest (RF) for
occupancy detection [19]. In [20], the authors presented a
conditional random fields-based method for building occu-
pancy estimation. Conte et al. proposed an occupancy esti-
mation system by using two learning algorithms of K-Nearest
Neighbors (KNN) and Decision Tree (DT) [21]. Amayri et
al. applied DT and the ensemble of DT, i.e., Random Forest
(RF), for occupancy estimation [22]. Zhu et al. presented a
local receptive fields (LRF) with random weights to estimate
building occupancy [23]. Considering occupants’ motion pat-
terns, Yoshida et al. proposed a location-aware HMM which
outperforms the conventional HMM for occupancy estimation
[24]. Chen et al. proposed a combination of occupancy models
with various learning algorithms including ANN, SVM, ELM,
DT, KNN and LDA to estimate building occupancy [25].

In addition to the above shallow learning algorithms, deep
learning has also been used for building occupancy esti-
mation. Hao et al. proposed a hybrid ensemble approach
which combines the shallow leaning algorithm of Support
Vector Regression (SVR) with two deep learning algorithms of
Convolutional Neural Network-Hidden Markov Model (CNN-
HMM) and Long Short-Term Memory (LSTM) for occupancy
inference [26]. To further improve the performance and reduce
computational cost, they developed a pruning and integration
approach for ensemble learning. Zou et al. applied the CNN
to estimate occupancy in [11]. In [27], Chen et al. proposed a
Convolutional Deep Bi-directional Long Short-Term Memory
(CDBLSTM) approach for occupancy estimation. A detailed
review of different data-driven algorithms for occupancy esti-
mation was performed in [28].

Recently, a new occupancy inference system based on LED
light sensors named CeilingSee was developed by Yang et al.
[29], [30]. Since the presence of occupants will impact the
diffusion reflection of LED lights, the occupancy information
can be derived by sensing the reflection signals. By re-
designing the driver of existing LED, CeilingSee is able to
provide both light emitting and sensing the diffusion reflection
for occupancy estimation. By doing so, CeilingSee can use
existing infrastructure without additional costs. It also does
not require occupants to take any specific devices or perform
any specific activities for occupancy inference. Hence, LED
light sensor is an idea candidate for occupancy estimation. As
CeilingSee senses the variance of diffusion reflection caused
by the presence of occupants to infer the occupancy level, the
light dimming issue will certainly affect its performance. If
the room is totally dark or its illuminance level is lower than
certain value, it is not possible to achieve sensing with this
system, which is one of the limitations of this technology. To
make CeilingSee work effectively, the current design requires
an illuminance level to be no less than 150 lux which is a
normal level for most of office areas [29].

The authors in [29] explored static and dynamic scenarios
for occupancy estimation using a simple regularized regression

approach. Experimental results showed that the estimation
accuracy in the static scenario is quite high, i.e., around 96%,
but that in the dynamic scenario is limited to around 58%
which is far from satisfactory. In this paper, the main task
is to achieve accurate occupancy estimation based on light
sensor data under two complicated scenarios, i.e., dynamic and
regular. Conventional shallow learning algorithms often suffer
from limited performance for complicated scenarios. And deep
learning algorithms require large amount of data for model
learning, which may not be feasible in real implementations.
The biggest challenge of this work is to design an efficient
learning algorithm to achieve high occupancy estimation ac-
curacy based on light sensors under complicated scenarios.

To address these issues, in this paper, a Bayes filter with
neural networks is proposed for the optimal estimation of
occupancy using LED light sensor data. The formulation
of light sensor based occupancy estimation via Bayes filter
requires to calculate three components, i.e., prior, likelihood
and evidence. The prior can be derived by using a Markov
model which is widely adopted for occupancy modeling. An
efficient Single-hidden Layer Feedforward Neural network
(SLFN) with some efficient techniques in deep learning is
presented to obtain the likelihood. The evidence can be cal-
culated by the results of prior and likelihood. Eventually, an
optimal estimation of occupancy in the sense of Maximum
A Posteriori (MAP) using light sensor data can be achieved.
To evaluate the performance of the proposed approach for
occupancy estimation with light sensors, we have conducted
experiments in two complicated scenarios, i.e., regular and
dynamic. Moreover, we have made a comparison with some
benchmark algorithms for occupancy estimation. The main
contributions of this work are summarized as follows:

• It is a novel idea to estimate the building occupancy by
using LED light sensors, which are widely existing in
current infrastructure. Using LED light sensors is non-
intrusive and without additional cost, but the current
estimation accuracy is only 57.73% in CeilingSee [29],
which is far from satisfactory for real applications. In
this paper, an occupancy estimation system via Bayes
filter with neural networks is proposed, and it significantly
improves the accuracy to 97.81%.

• The formulation of Bayes filter requires three compo-
nents: prior, likelihood and evidence. For the estimation
of prior, a Markov model on occupancy dynamics is
formulated. Then, an efcient SLFN which is built upon
neural networks and some efcient techniques in deep
learning is employed for the estimation of likelihood. The
performance of the SLFN is greatly enhanced by using
these efficient techniques. Finally, the evidence can be
obtained by the results of prior and likelihood. In this
way, both the prior information and the initial estimation
by the efficient SLFN are fully utilized for occupancy
estimation, leading to a much more accurate solution.

• Real experiments have been performed to verify the
proposed approach under two complicated scenarios. Ex-
perimental results show that the proposed method is more
effective than the state-of-the-art approaches.
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Fig. 1. An illustration for LED lighting based occupant sensing [29].

The remaining of the paper is organized as follows: Section
II briefly introduces the system architecture for light sensor
based occupancy estimation. Section III presents the proposed
Bayes filter for occupancy estimation using LED light sensor
data. Section IV shows the experimental results and discus-
sions. Section V concludes this work and shows some potential
future works.

II. LED SENSING SYSTEM ARCHITECTURE

Due to the high energy efficiency, LED is widely adopted
for modern lighting systems [31]. Normally, LED lighting is
ceiling-mounted which is able to get diffusion reflection from
a region within its view. When an occupant moves into the
region, it will cause perturbations into the reflection signals.
This is the basic rationale for LED lighting based occupant
sensing. A simple illustration can be found in Fig. 1. However,
it is not straightforward to apply LEDs for sensing, especially
for occupants under them.

In traditional LED sensing applications with single or
several LED chips, a simple way to initiate a bi-directional
interface to an LED to enable light sensing is connecting the
LED directly between the two I/O pins of a micro-controller
(MCU) [32], [33]. By a simple I/O configuration, the LED
emits light when its anode is connected to VCC and cathode
to GND, while reverting the I/O configuration sets the LED
in reverse bias mode for sensing incident light. Obviously, it
does not work if several LEDs are to sense together unless
the same number of MCUs are used. On the other hand,
compared with sensing light a few centimeters away [32],
sensing the disturbance in reflection by occupants is much
more challenging. Consequently, a new circuit to enhance the
sensitivity has to be designed. And this is done by involving
hundreds of LED chips belonging to one LED luminaire to
collectively sense the weak signal. Note that we cannot rely
on reverse bias in our circuit either, as the amount of LED
chips is far more than that of a low cost MCU’s I/O.

The basic schematic of our design is shown in Fig. 2,
along with the equivalent circuits corresponding to different
modes. The five switches in Fig. 2(a) are key components
for the driver. The LED array emits light (lighting phase)
if both S1 and S2 are ON and other switches are OFF, as
shown by Fig. 2(b). Subsequently, Fig. 2(c) shows a short
discharging window that allows residual charges on the array
to be cleared for preparing sensing (discharging phase), by
putting S3 ON while others OFF. Finally, switching S4 and
S5 ON and others OFF enables the array to act as a light
sensor (sensing phase): the resistor Rs (> 10MΩ) converts
weak photocurrents to voltage signals that drive amplifiers to

DC

S1

S2

S4

S5

S3

Rd

Rs
DC

S1

S2

S3

Rd

S4

S5

Rs

To ADC

S4

Rs

S1

S2

Rd

S3

S5

MCUDC

S1

S2

DC

Rd

S3

S4

Rs

S5

(a) Circuit schematic of the driver.
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(c) Discharging.
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(d) Sensing.

Fig. 2. The re-engineered LED array driver. (a) Circuit schematic of the
driver. (b) The equivalent circuit during light emitting. (c) The equivalent
circuit for discharging. (d) The equivalent circuit during light sensing.

produce sensing outcome. With this novel LED driver design,
it is feasible to toggle LED luminaires between normal lighting
and occupant sensing [29]. With LED light sensor data, the
proposed occupancy estimation via Bayes filter with neural
networks is presented in the next section.

III. METHODOLOGY

A. Problem Formulation via Bayes Filter

Occupancy time series has some unique properties. The
Markov property [34] is one of the most important proper-
ties. It can be treated as a prior information for occupancy
estimation. To incorporate this prior information, a Bayes
filter which is able to give an optimal estimation based on
Bayesian rules [35], [36] is formulated for light sensor
based occupancy estimation. In order to achieve optimization
occupancy estimation using Bayes filter, two key components
are system dynamics and observation. The details are stated
in the following paragraphs.

Here, the building occupancy at each time instance is
estimated by using Bayes filter, which is equivalent to estimate
the posterior of probability mass function (pmf) of building
occupancy, i.e., p(zt|y1:t) where zt is the occupancy level at
time instance t and y1:t = {y1, y2, ..., yt} are observations
from time instance 1 to t. We make two basic assumptions in
Bayes filter for occupancy estimation, which are as follows:

1) the state (occupancy) follows a first-order Markov prop-
erty, i.e., p(zt|zt−1) = p(zt|z1:t−1).

2) the current observation of state is conditionally
independent from the previous observations, i.e.,
p(yt|y1:t−1, zt) = p(yt|zt).

For the first assumption, occupancy dynamics naturally follows
a first-order Markov chain which has been widely adopted for
occupancy modeling [37], [34]. The second assumption will
be verified in Section III-C.
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According to Bayes rules, the posterior probability for
occupancy estimation can be expressed as

p(zt|y1:t) =
p(y1:t|zt)p(zt)

p(y1:t)

=
p(yt, y1:t−1|zt)p(zt)

p(yt, y1:t−1)

=
p(yt|y1:t−1, zt)p(y1:t−1|zt)p(zt)

p(yt|y1:t−1)p(y1:t−1)

=
p(yt|y1:t−1, zt)p(zt|y1:t−1)p(y1:t−1)p(zt)

p(yt|y1:t−1)p(y1:t−1)p(zt)

=
p(yt|zt)p(zt|y1:t−1)

p(yt|y1:t−1)
(1)

Based on Equation (1), the posterior probability is deter-
mined by three components:
• Prior:

p(zt|y1:t−1) =
∑
i

p(zt|zt−1 = li)p(zt−1 = li|y1:t−1),

(2)

where li is the occupancy level, and p(zt|zt−1) is the
transition probability for the first-order Markov chain
model. Hence, the estimation of prior is determined by
the transition probability.

• Likelihood: p(yt|zt) can be derived from the observation
model.

• Evidence:

p(yt|y1:t−1) =
∑
i

p(yt|zt = li)p(zt = li|y1:t−1), (3)

which can be calculated from the prior and the likelihood.
Based on the above analysis, our main task is to get the
transition probability and the likelihood for occupancy esti-
mation using the Bayes filter. The details are presented in the
following sections.

B. Markov Chain Model: Estimation of Transition Proba-
bility

The first-order Markov chain model has been widely used
for occupancy modeling [37], [34]. It claims that the oc-
cupancy at the next time instance only depends on the oc-
cupancy at the current time instance and is independent of
the occupancy at previous time instances. In this work, the
occupancy model is built upon the first-order Markov model
where the state is the number of occupants. It consists of two
components: an initial probability vector which indicates the
probability of each state at the beginning and a transition prob-
ability matrix which indicates the probability of transferring
from one state to another.

Given the n states {l1, l2, ..., ln}, the i-th row and j-th
column entry of the transition probability matrix, A ∈ Rn×n,
can be expressed a

aij = p(zt = li|zt−1 = lj), i, j = 1, 2, ..., n. (4)

Without any prior information of the occupancy at the begin-
ning, the initial probabilities of the Markov chain are set to

be the probability outputs of the observation model with the
sensor data at the beginning.

Next, we intend to calculate the transition probability matrix
based on the training data. Given m steps occupancy time
series, the transition probability from state lj to state li,
denoted as aij can be calculated as

aij =

∑m
t=2 δ(zt − li)δ(zt−1 − lj)∑m

t=2 δ(zt−1 − lj)
(5)

where

δ(α) =

{
1 α = 0
0 otherwise.

C. An Efficient Neural Network: Estimation of Likelihood
To obtain the likelihood p(yt|zt), an observation model

is required. Due to the complex relationship between LED
light sensor measurements and occupancy, it is not possible to
define an explicit observation model. Instead, neural networks
which perform well for approximating complex relationships
can be leveraged. Precisely, the Single-hidden Layer Feed-
forward Neural network (SLFN) which is built upon neural
networks is adopted in this work, due to its simple structure
and universal approximation ability. The network structure of
SLFN is shown in Fig. 3. It contains three layers, i.e., an input
layer, a hidden layer and an output layer. For light sensor based
occupancy estimation, the input to the SLFN is a vector which
contains sensor values of the LED sensing arrays. Specifically,
given an input x = [x1, x2, ..., xs] ∈ R1×s where xi is the
sensor value from light sensor i, s is the number of features
(sensors), the output of hidden node j, denoted as oj , can be
expressed as

oj = f

(
s∑
i=1

aijxi + bj

)
(6)

where f(·) is the activation function such as Linear, Sigmoid
and Tanh, aij is the weight from input node i to hidden node
j, and bj is the bias of hidden node j. The final output of
SLFN can be expressed as

z = arg max
k

σ

 r∑
j=1

cjkoj + dk

 (7)

where z is the estimated occupancy (also known as the number
of occupants), cjk is the weight from hidden node j to output
node k, dk is the bias of output node k, r is the number of
hidden nodes, σ is the softmax function which will generate
the probabilities for each class. The final output of the SLFN
is the class label (occupancy) with the highest probability.

The learning of the SLFN is to optimize the model parame-
ters by using back propagation of training errors. Specifically,
given training samples, the outputs of the SLFN can be calcu-
lated. Then, the errors between the model outputs and the true
labels (occupancy) of the training samples are back propagated
to adjust the parameters of the SFLN with some gradient based
methods. One of the most popular optimization methods for
SFLN is the Levenberg-Marquart (LM) algorithm [38], which
takes the merits of both the GaussNewton (GN) algorithm and
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Fig. 3. The network structure of SLFN.

the conventional gradient decent (GD) algorithm. Recently,
some new optimization algorithms have been developed in a
new branch of machine leaning, i.e., deep learning, which is
much more complicated with large amount of parameters to be
optimized. One of the most successful optimization algorithms
in deep learning is adam (adaptive moment estimation) [39]
which is quite efficient and is able to set adaptive learning
rates for different parameters during learning instead of using
the same learning rate in the GN, GD and LM algorithms.
Therefore, in this work, the adam is adopted for the parameter
optimization of the SLFN for light sensor based occupancy
estimation. The optimization process of adam is as follows:
assume that θt is the parameter to be optimized, and gt is the
corresponding gradient, the updating of θt+1 using adam is
given as

αt = r1αt−1 + (1− r1)gt

βt = r2βt−1 + (1− r2)g2t

αt = αt/(1− r1)

βt = βt/(1− r2)

θt+1 = θt +
η√
βt + ε

αt

(8)

where αt and βt are the first and second moments of the
gradient respectively, η is the learning rate, and the parameters
r1, r2 and ε are set to be 0.9, 0.999 and 1×10−8 respectively.

One of the biggest issues in the SLFN is the over-fitting
problem. The dropout technique proposed in [40] has been
shown to be effective to prevent over-fitting. With dropout,
some of the connections between nodes will be randomly
masked to form a different thinned network during model
training, which is shown in Fig. 4. In this way, these thinned
networks will have a much lower probability to be over-fitted.
Then, all the connections will take effect on model testing,
which can be treated as an ensemble of different thinned
networks [41], leading to a better generalization performance.
In this work, the dropout technique is adopted to prevent
over-fitting of the SLFN for light sensor based occupancy
estimation.

Moreover, the activation function is also of great importance
for the SLFN. The widely used activation functions in the
SLFN include Linear, Sigmoid and Tanh. However, these
activation functions violate the common rules of biological
neurons which only activate when the values are larger than a

Fig. 4. An example of dropout. Left: the original network; Right: the
network after dropout. Crossed units have been dropped [40].

threshold, for example 0. A more biological inspired activation
function named Rectified linear unit (ReLU) was proposed in
[42]. The expression of ReLU is as follows:

Υ(x) = max(0, x). (9)

It can be found that it only activates when the value x
is larger than 0. In addition, the authors in [42] showed
that ReLU is more efficient than the conventional activation
functions and has less chance for gradient vanishing, resulting
a better generalization performance in most cases. Hence, the
activation function of ReLU is leveraged for the SLFN.

The occupancy estimated by the efficient SLFN can be
treated as an observation of occupancy with some random
noise. Therefore, the observation model is defined as

yt = ẑt = zt + ζt (10)

where yt = SLFN(xt), and ζt is the observation noise. If the
pmf of ζt is prior known which can be estimated from the
training data, Equation (10) indicates that yt is independent of
y1:t−1 given zt. Therefore, the second assumption in Section
III-A is valid.

With the real-time measurements by LED sensing arrays,
the efficient SLFN will give an initial estimation of occupancy,
denoted as yt = ẑt = SLFN(xt) which is also treated
as a direct observation of occupancy with observation noise
(estimation error). Based on this equation, the likelihood
p(yt|zt) can be calculated.

The calculation of the likelihood is similar to the calculation
of the transition probability matrix. The i-th row and j-th
column entry of the likelihood matrix, B ∈ Rn×n, can be
expressed as

bij = p(yt = li|zt = lj)

= p(ẑt = li|zt = lj)

=

∑m
t=1 δ(ẑt − li)δ(zt − lj)∑m

t=1 δ(zt − lj)
(11)

where bij is a function of the observed occupancy level yt.

D. Optimal Occupancy Inference

With the transition probability matrix A and the likelihood
matrix B, the posterior pmf of occupancy at each time instance
can be calculated.
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From Equation (2), we can obtain the prior pmf as

p(zt = li|y1:t−1) = aiP(zt−1|y1:t−1), (12)

where ai is the i-th row of A, and

P(zt−1|y1:t−1) =


p(zt−1 = l1|y1:t−1)
p(zt−1 = l2|y1:t−1)

...
p(zt−1 = ln|y1:t−1)

 .
The evidence can be derived by substituting Equation (12)

into Equation (3), which is shown as

p(yt|y1:t−1) =
∑
i

p(yt|zt = li)p(zt = li|y1:t−1)

= bĩAP(zt−1|y1:t−1), (13)

where yt = ẑt = l̃i, and bĩ is the ĩ row of likelihood matrix
B. Then, the posterior pmf of occupancy can be obtained by
substituting Equation (12) and Equation (13) into Equation
(1), which is shown as

P(zt|y1:t) =
b>
ĩ
∗ (AP(zt−1|y1:t−1))

bĩAP(zt−1|y1:t−1)
, (14)

where > is the transpose operation, ∗ is a new opera-
tion defined as element-wise multiplication. Given vectors
a =

[
a1 a2 ... an

]>
and b =

[
b1 b2 ... bn

]>
,

a ∗ b =
[
a1b1 a2b2 ... anbn

]>
. With the posterior pmf

of occupancy, the optimal estimation of occupancy, z′t, can be
derived

z′t = arg max
zt

P(zt|y1:t). (15)

Note that, the optimal estimation of occupancy in Equation
(15) is in the sense of MAP. With the posterior pmf of occu-
pancy, we can also find the ‘optimal’ in other senses. During
experiments, we find that the optimal estimation performance
with different senses is similar. Thus, only the result in the
sense of MAP is presented.

The flowchart of the proposed system is shown in Fig. 5.
In the offline modeling, historical light sensor data and actual
occupancy values are used to train an efficient SLFN and build
a Markov chain model, where the likelihood function and
the transition probability can be derived respectively. Then,
in the real-time estimation, the trained SLFN will produce
the initial estimation of occupancy when given real-time light
sensor measurements. With the likelihood function, the tran-
sition probability, and the initial estimation of occupancy, the
required three components for the proposed Bayes filter, i.e.,
the prior, likelihood and evidence, can be calculated. Finally,
the occupancy can be optimally estimated via the proposed
Bayes filter.

IV. EVALUATION

A. Data Collection
The data was collected by a CeilingSee testbed [29] which

has a size of 5m × 6m. Sixteen LED sensing arrays are
deployed on the ceiling of the testbed with a height of 2.5m,
which is shown in Fig. 6(a). The layout of the testbed and the

locations of LED sensing arrays are demonstrated in Fig. 6(b).
Each LED sensing array consists of 8 × 12 LED chips with
a re-designed driver. The CC2541 MCU is employed for the
driver. It is a low cost and low power system-on-chip module
with a running frequency up to 32 MHz and eight channel 12-
bit analog-to-digital (ADC) conversions. In experiments, the
CC2541 runs at a frequency of 16 MHz with an ADC sampling
rate of 500 Hz. A low pass filter is performed by the MCU
on the raw sampled data such that the upload rate is reduced
to 10 Hz, which is adequate for occupancy estimation and at
the same time saves a lot of communication costs.

A group up to 13 volunteers was invited to perform exper-
iments, containing three occupancy patterns. 1) static pattern:
occupants are required to stand or sit at arbitrary locations
indoors; 2) dynamic pattern: occupants are freely walking or
running in the testbed; 3) regular pattern: occupants are on
normal working without any restrictions. Fig. 7 graphically
shows the raw LED sensing data for different number of
occupants, i.e., 0, 4, 8 and 12, under the static and dynamic
scenarios. According to Fig. 7, different occupancy leads
to distinct sensor readings. Moreover, it is intuitive to be
observed that dynamic pattern has much more complicated
fluctuations comparing with the static pattern. Since the static
pattern as shown in Fig. 7(a) is relatively simple, a very
high estimation accuracy, i.e., around 96%, has been achieved
by a simple regularized regression approach in [29]. Hence,
in this work, only the other two complicated scenarios are
considered. To make the experiments more realistic, occupants
are encouraged to freely move their seats and change their
standing or sitting postures, as well as perform other daily
activities based on their own preference during experiments.
Totally, around three thousand samples are collected. All these
samples are manually labeled. In evaluation, we randomly
select 60% of data for model training and the remaining for
testing. This process is preformed 10 times and average results
are presented.

B. Experimental Setup

Here, occupancy estimation is treated as a classification
problem, which is a normal configuration in many previous
works [16], [6]. Therefore, classification accuracy is an es-
sential criterion for model performance evaluation. To better
understand the model performance, a new metric, accuracy
with τ miscount tolerance (τ -mis-tolerance), is employed in
[18], [29]. It is defined as

(∑c
t=1 Γ|z′t−zt|≤τ

)
/c, where Γ is

the indicator function and c is the total number of samples.
To verify the performance of our proposed approach, a

comparison has been made with some benchmark approaches
for occupancy estimation, including LDA [19], DT [21], ELM
[17], SVM [16] and the conventional SLFN. The regularized
regression approach [29] which uses the same data for model
evaluation is also compared with the proposed approach. The
parameters of all the approaches, such as the number of
hidden nodes in SLFN and the c, g parameters in SVM, are
determined by grid search with cross validation of the training
data. For SVM, the popular Radial Basis Function (RBF)
kernel is employed. The conventional SLFN used the Sigmoid



IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

Fig. 5. Flowchart of the proposed system.
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Fig. 6. CeilingSee testbed overview [29].

(a) Static pattern

(b) Dynamic pattern

Fig. 7. The raw LED sensor data under static and dynamic patterns
with various occupancy, e.g., empty (0-150 sample points), 4 occupants
(151-300 sample points), 8 occupants (301-450 sample points) and 12
occupants (451-600 sample points). Here, ‘U01’ to ‘U16’ denote the LED
light sensor unit 1 to 16, respectively.

activation function for hidden nodes and the LM algorithm for
parameter optimization.

C. Experimental Results and Discussions
1) Dynamic Scenario: In the dynamic scenario, volunteers

are asked to freely walk or run instead of being static, which
will introduce many uncertainties and noises, resulting in a
very challenging scenario [29]. The experimental results under
this scenario are shown in Table I. It can be found that the
conventional SLFN can achieve a superior performance over
all the benchmark approaches. This indicates the effectiveness
of SFLN in this problem. After modifying the conventional
SLFN, the performance of the efficient SLFN has been greatly
enhanced. To further improve the estimation performance,
the efficient SLFN is combined with the proposed Bayes
filter, leading to the best performance. This is because the
proposed Bayes filter is able to take occupancy dynamics
into consideration. Another observation is that the accuracies
with 1 miscount tolerance for all the approaches are higher
than 80% even with some simple classifiers, such as DT and
LDA. This means that, in most cases, only 1 miscount for
occupancy is appeared in a relatively crowded environment,
which clearly indicates the effectiveness of using LED light
sensors for occupancy estimation.

Fig. 8 shows the testing results of the efficient SLFN and
the proposed Bayes filter under the dynamic scenario. Note
that the occupancy ranges from 3 to 12 in this experiment.
Although the efficient SLFN is able to achieve a very good per-
formance for occupancy inference with LED sensing arrays.
It still produces many wrong predictions (see Fig. 8). These
wrong predictions are very harmful for building control and
management systems, for instance frequently wrong changing
of the environment states due to the wrong predictions, which
must be improved for real applications. The proposed Bayes
filter algorithm which considers occupancy dynamics during
estimation can correct most of wrong estimation predictions in
the efficient SLFN. This clearly demonstrates the effectiveness
of the proposed Bayes filter approach for occupancy estimation
with the data from LED sensing arrays.
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TABLE I
EXPERIMENTAL RESULTS FOR ALL THE APPROACHES UNDER THE DYNAMIC SCENARIO.

Metric Regularized
regression [29] LDA [19] DT [21] ELM [17] SVM [16] Conventional

SLFN
Efficient
SLFN

Proposed
Bayes filter

Accuracy (%) 57.73 65.30 75.48 81.77 86.98 92.66 95.37 97.81
Accuracy (%)
1-mis-tolerance 94.21 86.06 86.24 91.76 95.63 96.83 98.18 99.73

TABLE II
EXPERIMENTAL RESULTS FOR ALL THE APPROACHES UNDER THE REGULAR SCENARIO.

Metric Regularized
regression [29] LDA [19] DT [21] ELM [17] SVM [16] Conventional

SLFN
Efficient
SLFN

Proposed
Bayes filter

Accuracy (%) 71.77 67.86 91.69 89.86 95.54 97.10 98.47 99.03
Accuracy (%)
1-mis-tolerance 93.12 81.84 94.91 93.56 97.81 98.28 99.15 99.90
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Fig. 8. The testing results of the efficient SLFN and the proposed Bayes
filter under the dynamic scenario.

2) Regular Scenario: In the regular scenario, the volunteers
are freely standing, sitting, walking or running indoors. One
special case for this scenario is that all the occupants remain
standing or sitting, which is the static scenario in [29].
The static scenario is a simple case, where the regularized
regression approach in [29] is able to achieve an estimation
accuracy of around 96%. Note that our proposed approach can
obtain an accuracy of 100% in this scenario. Since the static
case is too simple, the detailed experimental results in this
scenario will not be presented. The regular scenario can be
treated as a mixture of both static and dynamic scenarios.

The experimental results under the regular scenario are
shown in Table II. In most cases, the classification accuracy
and the accuracy with 1 miscount tolerance in the regular
scenario are higher than these in the dynamic scenario. This
is because the occupants may be static sometimes, leading to
fewer uncertainties and noises. Although the efficient SLFN
has already achieved an accuracy of 98.47% and an accuracy
with 1 miscount tolerance of 99.15%, the proposed Bayes filter
is still able to enhance its performance, resulting an accuracy
of 99.03% and an accuracy with 1 miscount tolerance of
99.90%. These high accuracies are enough for most of building
control and management applications.

3) Cross-Validation Results Under the Two Scenarios: To
further verify the generalization performance of the proposed
approach, five-fold cross-validation experiments under the two

scenarios are performed. Specifically, all the data are randomly
split into five groups with equal size. Then, one group of
data are utilized for model testing and the remaining for
training. This process repeats five times with different group
of data for testing and average results are shown in Table
III. It can be found that most of approaches achieve better
performance compared with previous evaluations (See Table
I and Table II). The reason is that more data are leveraged
for model training in this cross-validation experiment (4/5 of
data for training) compared with previous settings (60% of
data for training). The general conclusions are the same. The
proposed approach is able to achieve the best performance
under the two scenarios, which further indicates the superior
generalization performance of the proposed approach over all
the other approaches.
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Fig. 9. The experimental results with different number of LED sensing
units under the dynamic and regular scenarios.

4) Number of Sensors: The number of sensors (deployment
density) is closely related to the hardware and maintenance
costs. The impact of the number of sensors on the occupancy
estimation performance is investigated. Here, four different
configurations, i.e., 4, 8, 12 and 16 (all) sensors, are chosen.
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TABLE III
CROSS-VALIDATION RESULTS FOR ALL THE APPROACHES UNDER THE TWO SCENARIOS.

Scenario Metric Regularized
regression [29] LDA [19] DT [21] ELM [17] SVM [16] Conventional

SLFN
Efficient
SLFN

Proposed
Bayes filter

Dynamic Accuracy (%) 58.53 65.12 69.01 83.77 89.43 94.73 96.81 97.82
Accuracy (%)
1-mis-tolerance 95.01 86.50 82.52 93.25 96.39 97.37 98.66 99.96

Regular Accuracy (%) 74.00 67.36 87.70 90.46 96.73 97.38 99.09 99.55
Accuracy (%)
1-mis-tolerance 94.61 82.54 92.60 93.98 98.44 98.69 99.47 99.94

The selected sensors in each configuration are the same as
these in [29]. The experimental results with different number
of sensing units under the dynamic and regular scenarios
are shown in Fig. 9. It is obvious that more sensing units
will lead to a better performance for occupancy estimation
but with higher deployment and maintenance costs. Another
observation is that when increasing the number of sensing
units, the variance of estimation results becomes smaller,
resulting more stable results. This is because the estimation
algorithm is able to give an estimation with higher confidence
when more information is available.

Apparently, more light sensors imply better performance
for occupancy estimation. For a specific application, the de-
ployment density of sensing units should be chosen based on
the required estimation performance. Note that the optimal
placement of sensors which is a tough task is not considered
in this work. Generally, optimal sensor placement aims to
minimize the number of sensing units under the condition
that both the estimation performance and the illumination
meet the requirement by optimizing the locations of sensors.
Theoretically, sensor placement can be formulated as a com-
binatorial optimization problem [43], where there are two
main challenges: 1) formulating the estimation performance in
terms of the sensor locations and 2) solving the combinatorial
optimization problem which is NP-hard.

5) Number of Hidden Layers for Neural Networks: In this
work, we present an efficient SLFN as an observation model
to estimate likelihood for the Bayes filter. It is well known that
more hidden layers of neural networks will generally lead to
better generalization performance. Hence, we investigate the
impact of the number of hidden layers on the occupancy esti-
mation performance under the dynamic scenario. The results
are shown in Fig. 10. Note that the neural network with 1
hidden layer is the SLFN. It can be found that, at the begin-
ning, more hidden layers will result better performance, which
is expected. But when the number of hidden layers is too
large, the estimation performance will degrade, due to the high
risk of over-fitting. Besides, more hidden layers will require
more training and testing time. With the proposed Bayes filter,
the estimation performance is significantly enhanced, which
indicates the effectiveness of the prior information and the
merits of the Bayes filter. Even though, more hidden layers will
improve the performance for neural networks and the proposed
Bayes filter, the relative improvements are not prominent and it
will increase computational complexity. Therefore, the SLFN
is sufficient for this application, which has been adopted in
this work.
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Fig. 10. The results of the neural network and the proposed Bayes filter
with different number of hidden layers under the dynamic scenario.

V. CONCLUSION AND FUTURE WORKS

In this paper, the building occupancy is formulated as a
dynamic system and its estimation problem is solved via Bayes
filter with neural networks. Our solution decomposes the
posterior probability of the occupancy into three components:
prior, likelihood and evidence. The evidence can be obtained
by the results of prior and likelihood. For the prior estimation,
a Markov model on occupancy dynamics is formulated. In ad-
dition, an efficient SLFN which is built upon neural networks
and some efficient techniques in deep learning is employed
for the estimation of likelihood. Real experiments have been
performed in two complicated scenarios, i.e., dynamic and
regular. Results showed that the proposed efficient SLFN
alone is able to achieve very high estimation accuracy and
outperforms all the benchmark approaches. But it still contains
many wrong predictions which are harmful for building control
and management systems. By taking occupancy dynamics into
consideration, the proposed Bayes filter can correct most of
wrong predictions in the efficient SLFN and achieve the best
performance. This clearly indicates the effectiveness of the
proposed Bayes filter for occupancy estimation with LED
light sensors. Moreover, the impact of the number of LED
sensing units on the occupancy estimation performance was
also evaluated. It can be concluded that the selection of the
number of sensing units should be based on the required
estimation performance in real applications.

In our future works, we plan to collect data in long-term
period (e.g., one month) to further evaluate the performance
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of the proposed approach. One big issue is the data annotation
which is expensive, especially for long-term period. To solve
this issue, we attempt to develop a crowdsourcing scheme
[44] for efficient annotation in our future works. Considering
that the model performance may degrade when environment
changes, we intend to design an online learning scheme of the
proposed algorithm to enable continuous learning with new
available samples.
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Occupancy-based system for efficient reduction of HVAC energy,” in
Information Processing in Sensor Networks (IPSN), 2011 10th Interna-
tional Conference on. IEEE, 2011, pp. 258–269.
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