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Abstract—Lately, there are many works exploited the radio
frequency (RF) fingerprint for occupancy detection. However,
most works suffer severe performance variations owing to the
unreliable received signal strength (RSS). In this paper, we
propose a deep learning approach to occupancy detection: 1) an
unsupervised denoising-contractive autoencoder (DCAE) is built
to learn a robust fingerprint representation from the raw RSS
measurements, and 2) a supervised softmax function is added
at the last layer for classification. A real testbed with Bluetooth
Low Energy (BLE) beacons was built such that we can collect
real-world RSS data for experiments. The data were collected via
different devices at different times to better reflect environmental
variations. The experimental results show that our proposed
approach achieves a substantial performance gain in comparison
to the conventional machine learning approaches. Specifically,
our proposed DCAE is able to reconstruct the noisy and always
changing data with less than 0.047 mean square error. Overall,
our occupancy detection combining DCAE and softmax classifier
achieves sub-room level accuracy for at least 99.3% of the time.

I. INTRODUCTION

Bluetooth Low Energy (BLE) beacon is a very popular low

power wireless device tailored to promote the development

of the Internet of Things (IoT) applications . For example,

many interesting research works have leveraged BLE beacon

to deliver a better proximity sensing [1] [2], localization [3]

[4], distance estimation [5] and occupancy detection [6]. While

many of these works have reported to achieving a significant

performance gain with radio frequency (RF) fingerprint ap-

proach, severe performance variations are observed especially

when the environmental changes [7]. In other words, constant

fingerprint updates and frequent calibrations are required to

maintain a similar performance. In this paper, we propose au-

toencoder approach to learn a robust fingerprint for occupancy

detection with BLE beacons.

Let B = {bj |0 < j ≤ M} be the set of BLE beacons

deployed in an indoor environment, then the RF fingerprint at

a particular zone can be registered by scanning the received

signal strength (RSS) from all M beacons. Specifically, the RF

fingerprint is a vector Φ(zi) ∈ R
N , where zi denotes zone i.

Then, the occupancy detection problem would be searching

for a fingerprint vector which best matches the real-time

observation. The real-time observation indicates the list of RSS

values measured by a device (typically a Bluetooth compatible

receiver) when the device is located at the particular zone.

Note that our zone is defined according to the social nature of

a space rather than a random zone on the corridor defined by

[8]. For example, our zone can be a private entertainment space

or a mini drinking bar inside a room. Note that by defining

the zone according to the social nature is useful for many IoT

applications which aim to deliver a smart service at the right

time in the right place.

The occupancy detection problem described above is trivial

especially when N = M , i.e., when each zone is associ-

ated with a beacon (Note that this is a common approach

adopted by many commercialized applications). Despite such

a trivial problem, it is still relatively hard to achieve perfect

performance (i.e., with 100% detection accuracy) owing to the

unreliable RSS measurements. In other words, the occupancy

detection can be very challenging when the problem is non-

trivial (i.e., when N >> M ). In this paper, our research goal

is to achieve a sub-room level occupancy detection given the

non-trivial problem.

To this end, this paper proposes occupancy detection with 1)

an unsupervised denoising-contractive autoencoder (DCAE) to

learn a robust fingerprint representation, and 2) a supervised

softmax function at the last layer for classification. Note that

denoising autoencoder (DAE) is an unsupervised neural net-

work designed to learn a robust feature against noisy input [9];

whereas contractive autoencoder (CAE) is designed to ensure

the learned feature is insensitive to the input variations [10].

Consider the abilities of both autoencoders in learning a better

fingerprint representation from different aspects, this paper

skillfully combines both autoencoders into a single DCAE

such that we can deal with 1) the always changing RSS values

and 2) the noisy RSS values, at the same time. However, it is

not obvious to simply combine both autoencoders since both

of them are using different loss functions (cf. [9] [10]). The

main contributions of this paper are summarized as follows:

• Rather than simply stacking up both autoencoders to form

a deep neural network, we jointly manipulate the 2 loss

functions to achieve a single DCAE.

• Instead of using synthetic data, our experiment is based

on real RSS measurements, which were collected with

different devices at different times, to better reflect the

environmental variations.

• Our approach achieves a sub-room level occupancy de-

tection for a non-trivial problem, where M << N and

with the noisy and always changing RSS measurements.
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The rest of the paper is organized as follows. Section II

presents the system model. Section III describes our proposed

DA. Section IV illustrates the experimental setup and discusses

the results. Section V concludes the paper with future works.

II. BLE-BASED OCCUPANCY DETECTION SYSTEM

For a given zone, the occupancy detection tells the presence

or absence of an occupant which usually refers to a person, and

is regarded as a binary classification problem with output Y ∈
{0, 1}. Without loss of generality, the occupancy detection can

be extended to the multinomial classification given N zones.

In this section, we first provide an overview regarding the BLE

beacon before describing our system model in Section II-B.

A. Bluetooth Low Energy Beacon

BLE beacon has emerged as a promising alternative for IoT

development [11]. It is an active broadcaster which broadcasts

its advertising packet periodically according to the pre-defined

advertising interval Ta [12]. The advertising packet can be

received by any Bluetooth compatible device. The parameter

of interest is the RSS, which can be measured at the receiving

end. RSS is a measurement in dBm scale (i.e., Pr,(dBm) =

10 log(
Pr,(watt)

1mW )), which typically ranges from −20dBm to

−90dBm subjects to the distance between the beacon and

the receiver. Many RF fingerprint approaches exploit the RSS

measurements to construct the fingerprint. However, RSS is

unreliable in consequence to shadowing and multipath fading

[13] [14]. In this paper, we also use the RSS for fingerprint

construction by introducing DCAE to combat the noisy and

always changing RSS measurements.

B. System Model

Fig. 1 illustrates the system model of our BLE-based occu-

pancy detection system. Note that the system can be divided

into training and detection phase. In this section, we provide

a generic formulation about our system model, whereas more

elaborations on how a robust fingerprint and classifier model

is learned during the training phase, and how we apply the

trained model for occupancy detection are provided in the next

section.

Suppose that a large area can be divided into N number of

zones, then we have Z = {zi|0 < i ≤ N}, in which each

element in Z can be mapped to either 1 or 0 with 1 indicates

the presence of the occupants and 0 otherwise. Mathematically,

the occupancy detection in a given zone is just a function that

maps Z to Y , i.e., g : Z → Y . By vectorizing the above

equation for all zones, we have an N -dimensional occupancy

vector z, i.e.,

z =
(
g(z1) g(z2) ... g(zi) ... g(zN−1) g(zN )

)T
=

(
0 0 ... 1 ... 0 0

)T
(1)

Note that the vector z consists of only one 1 and N − 1 zeros

that comes from the truth that the occupant can not show

in several different zones simultaneously. Furthermore, at the

system backend, we can know the total number of occupants

in a given zone by summing up all the z vectors returned by

occupants’ devices (i.e., the smartphone or smartwatch).

Given M beacons, the relationship between the occupancy

vector z ∈ {0, 1}N and the observed vector Φ(y) ∈ R
M can

be modeled as follows:

Φ(y) = ΨΩz+Δ (2)

where Δ is the noise and Ω ∈ R
M×N is the fingerprint matrix.

Each column of Ω is fingerprint vector Φ(zi) ∈ R
M for zone

zi. Ψ is the sparsify matrix which is related to the number

of active beacons during a detection phase and should be

determined in real-time.

C. Data Acquisition

Given B = {bj |0 < j ≤ M}, the number of RSS values

a smartphone can measure during data acquisition is subject

to the advertising interval Ta by each beacon and the length

of the scanning duration Ts at the smartphone. In general,

we will use longer Ts during the training phase such that

we can obtain enough measurements for constructing the

fingerprint, and keep the Ts as short as possible during the

detection phase to ensure a real-time detection. Let P =

{P (bj)
r (t)|0 < t ≤ Ts, bj ∈ B} be the instantaneous RSS

measurements collected during Ts, each element in P is first

grouped into a subset P(bj) ⊂ P according to the source of the

RSS (i.e., the beacon). The fingerprint vector is constructed

by averaging the RSS measurements in each subset, i.e.,

φ
(zi)
bj

= 1

|P(bj)|
∑

P
(bj)
r (t). After that, we rearrange all φ

(zi)
bj

according to the sequence defined by set B to obtain

Φ(zi) =
(
φ
(zi)
b1

φ
(zi)
b2

. . . φ
(zi)
bj

. . . φ
(zi)
bM

)T

(3)

By repeating the same process at each zone, a M × N
dimensional fingerprint matrix can be constructed, i.e., Ω =(
Φ(z1) Φ(z2) . . . Φ(zi) . . . Φ(zN )

)
.

During the detection phase, we might have the case where

φ
(zi)
bj

= 0 when the smartphone might miss to capture the data

from beacon bj , and thus P(bj) = ∅. These empty set will

simply be discarded from being included into the observed

vector Φ(y). Given there are only an m number of subsets

P(bj) �= ∅ from set P , the observed vector Φ(y) would be an

m dimensional vector defined as follows:

Φ(y) = (φ
(y)
bj

|P(bj) �= ∅)T (4)

Since the dimension of Φ(y) is comparatively smaller than

the dimension of the registered fingerprint, we can derive a

sparsify matrix Ψ during data processing such that ΨΩ has

the same dimension as Φ(y).

D. Data Processing

Let A = {a1, a2, ..., aj , ..., am} be a subset of beacons

observed by the smartphone during the detection phase, the
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Fig. 1. The BLE-based occupancy detection consists of the following two major phases: a training phase to learn the robust fingerprint, and a detection phase
to deliver real-time occupancy detection.

sparsify matrix can be derived by comparing the elements in

set A with set B

Ψ =

⎛
⎜⎜⎜⎜⎜⎜⎝

f(a1, b1) . . . f(a1, bi) . . . f(a1, bM )
... · · · ... · · · ...

f(ai, b1) . . . f(ai, bi) . . . f(ai, bM )
... · · · ... · · · ...

f(am, b1) . . . f(am, bi) . . . f(am, bM )

⎞
⎟⎟⎟⎟⎟⎟⎠

(5)

where f(·) is the function which returns 1 when ai = bi
and 0 otherwise. Upon obtaining Ψ, the fingerprint matrix

Ω can be refined by multiplying both matrices, i.e., ΨΩ.

According to Eq. (3) and (4), each element φ in Φ(zi) and

Φ(zi) is based on the raw RSS data, which is susceptible to

noise and environmental variations. In the next section, we

present our DCAE to learn a robust fingerprint. Furthermore,

a softmax function is added at the last layer to train a classifier

for occupancy detection.

III. FINGERPRINT LEARNING WITH AUTOENCODER

Recently, many works have started to exploit autoencoder

to boost the system performance, for example, . [15] leverages

DAE to learn a robust fingerprint for 3D localization, whereas

[16] exploits deep autoencoder (by stacking up a few autoen-

coders) to learn a robust fingerprint with WiFi technology.

However, the fine granularity of 3D positioning complicates

the occupants counting, and the stacking of autoencoder im-

poses expensive computation during the training phase. In this

paper, we propose a single DCAE to learn a robust fingerprint

rather than stacking up a few autoencoders.

This section first presents our proposed DCAE, and then

describes the softmax classifier in Section III-B.

A. Training Phase

Autoencoder is an unsupervised neural network which

learns to reconstruct the output given the input data. For ex-

ample, suppose that we feed the unlabeled fingerprint sample

Φ ∈ R
M to the autoencoder, the autoencoder will learn to

reconstruct Φ̈ ∈ R
M through backpropagation. Note that the
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Fig. 2. Our proposed DCAE trains a model to learn a robust fingerprint
representation by adding some noise Δ to the training data Φ̃(t).

reconstruction problem is non-trivial since the autoencoder

impose a bottleneck (i.e., ensure the number of hidden units

H is smaller than the size of the input data) to its hidden layer.

In general, the autoencoder consists of 2 parts: encoder and

decoder. The encoder learns a hidden representation given the

input data; whereas the decoder reconstruct the output data

from the hidden representation. Given the fingerprint vector



Φ ∈ R
M , the encoder and decoder function can be described

as follows:
Φ̇ = σ(WeΦ+ be)

Φ̈ = σ(WdΦ̇+ bd)
(6)

where We ∈ R
H×M and be ∈ R

H are the weight and bias

learned by the encoder and Wd ∈ R
M×H and bd ∈ R

M

are the weight and bias learned by the decoder. σ(·) is the

neuron activation function, which can be either a sigmoid or

tanh function. Hence, the dimension of encoded feature (i.e.,

the hidden representation) Φ̇ ∈ R
H is always smaller than

the dimension of the input fingerprint Φ ∈ R
M . The optimal

weight and bias can be learned via the following loss function:

L(Φ, Φ̈) = ‖Φ̈−Φ‖22 (7)

Given the above loss function, we can train our autoencodeer

to minimize L(·) through backpropagation.
Fig. 2 depicts the neural network architecture of our pro-

posed DCAE. In general, DCAE uses the same encoder and

decoder function as the conventional autoencoder described

above. However, we impose some noise Δ ∼ N (0, 1) to

the training data Φ̃(t) with respect to the expected fingerprint

vector obtained by Eq. (3). Since there might some variations

between the fingerprint samples collected from the same zone,

we refine the loss function L(·) by adopting the penalty

term introduced by the CAE. Hence, DCAE redefine the loss

function by Eq. (7) to the following:

L(Φ, Φ̈) = ‖Φ̈−Φ‖22 + λ‖J(Φ̃(t))‖2F
= ‖σ(WdΦ̇+ be)−Φ‖22 + λ‖J(Φ̃(t))‖2F
= ‖σ(Wdσ(WeΦ̃

(t) + be) + bd)−Φ‖22
+ λ‖J(Φ̃(t))‖2F

(8)

where the decoder output Φ̈ is reconstructed with respect to the

noisy sample Φ̃(t) instead of Φ. The second term is the penalty

term ‖J(Φ̃(t))‖2F with regulation parameter λ. ‖J(Φ̃(t))‖2F is

known as the Frobenius norm of the jacobian matrix, which

can be calculated as follows:

‖J(Φ̃(t))‖2F =
∑
mh

(
∂φ̇h

∂φ̃
(t)
m

)2

(9)

The goal of DCAE is to search for the optimal We, be,Wd, bd
that minimize the loss function described in Eq. (8). This can

be achieved via stochastic gradient descent or more advanced

optimization method such as limited-memory BFGS.

B. Softmax Classification
Given the learned fingerprint representation, we added a

softmax function to the last layer to train a multinomial

classifier. Refer back to Fig. 1, the softmax layer can obtain

the label (i.e., the zone) of the learned fingerprint from

the fingerprints database. Hence, we can train a supervised

classifier with the softmax function. Mathematically, softmax

function can be described as follows:

P (z̃ = zi|Φ̈) =
exp(WsΦ̈+ bs)∑N

k=1 exp(WsΦ̈(zk) + bs)
, ∀zi ∈ Z (10)

Zone Social Nature
Mini Drink Bar
Washroom
Bed (Resting)
Sofa 
TV (Entertainment)
Garbage
Reading Area

Beacon
[D0:B5:C2:CD:29:49]

[D0:B5:C2:CD:2D:BD]

[D0:B5:C2:CD:2D:E3]

(a)

(b)

(c)

Fig. 3. The experiment was conducted inside a cozy room. (a) The floor plan
of the room and the location of the deployed beacons, (b) the configuration
of each beacon, and (c) the divided zone according its social nature.

(a) (b) (c)

Fig. 4. (a) The deployed beacon is based on CC2541 chipset from Texas
Instrument. Two devices were used to collect the RSS measurements: (b)
Samsung Tablet, and (c) Asus Smartphone.

where Ws ∈ R
N×M and bs ∈ R

N are the weight and bias

learned by the softmax function. Then, the softmax classifier

can be trained by minimizing the following cross-entropy loss,

min
Ws,bs

(L(z, p)) = −
∑

i
zilog(pi)) (11)

where pi = P (z̃ = zi|Φ̈).

IV. EXPERIMENT AND RESULTS

This section describes our experimental setup for data

collection. After that we evaluate the performance of our

proposed approach in Section IV-C.

A. Experimental Testbed

We have our experimental testbed set up inside a cozy

room offered by a 5-star hotel, Rio Hotel in Macau 1. Three

beacons were deployed, as marked by the Bluetooth symbols

in Fig. 3(a). The deployed beacons are based on the CC2541

chipset from Texas Instrument, as depicted in Fig. 4(a), each

beacon was configured to have the same Ta. We divide the

room into seven zones, as indicated in Fig. 3(c). Fig. 4(b)

1”Rio Hotel”, https://www.riomacau.com/
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Fig. 5. The confusion matrix indicates the classification accuracy achieved by (a) NB, (b) MLR, (c)NN, and (d) our proposed approach combining DCAE
and softmax classifier.

Fig. 6. The reconstruction error suffers by our approach (DCAE) in compar-
ison to DAE, CAE and SAE.

and (c) show the two different devices (i.e., Samsung tablet

and Asus Smartphone) which were used to collect the RSS

measurements. Total 1000 measurements were collected at

each zone by each device resulting in a total of 14000

measurements from all zones. The collected data was uploaded

as .csv file to the two servers located at two different locations:

Hong Kong and Korea.

B. Dataset

The measurements data consists of the following informa-

tion: beacon MAC address, RSS value, timestamp and data

payload. After consolidating the data from both servers, we

reorganize the data and extract the RSS measured from each

beacon according to the logged timestamp. The reorganize

data consists of 98k fingerprint samples. We divided the data

into training and testing sample, i.e., 70k as training and 28k
as testing. The challenge with our current dataset is that the

dimension of the fingerprint vector is very small. Such a small

dimension is unfavorable to autoencoder because autoencoder

is generally used to compress the high dimension input data

to low dimension hidden representation. Both original and

reorganized dataset are available in Github2 for download.

C. Performance Evaluation

We first evaluate the reconstruction error by comparing our

proposed DCAE with another 3 variants of autoencoders, i.e.,

stacked autoencoder (SAE), DAE and CAE. Note that DAE

has been used by the work [15] for 3D localization, whereas

SAE has been used by [16]. The reconstruction error is com-

puted by taking the mean squared error (MSE) between the

reconstructed data with the input data. According to the result

shown in Fig. 6, our proposed DCAE outperforms the rest

with the minimum MSE (i.e., around 0.047). Since SAE did

not apply any denoising function, its performance is the worst.

One of the reasons that CAE achieves better performance than

DAE is due to the RSS variations of the testing sample has a

greater effect on the reconstruction process than the ambient

noise.

Next, we evaluate the classification accuracy of our pro-

posed approach in comparison to the conventional classifi-

cation techniques such as naive Bayes (NB), multinomial

logistic regression (MLR) and neural network (NN) classifier.

Our approach enables classification by adding a softmax

function at the end of the reconstruction output, as described

in Section III-B. Note that NN classifier has been used by [17]

for occupancy detection and by [8] for zone-based localization,

whereas [18] use MLR for indoor localization.

Confusion matrices are used to visualize the classification

accuracy achieved by all the classifiers described above. The

results are illustrated in Fig. 5. Our proposed approach out-

performs the rest with 99.31% accuracy (the accuracy can

2”https://github.com/pcngnotgood/Data-from-Rio-Hotel”
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Fig. 7. The CDF achieved by all the approaches: (a) Zoom out view, (b)
Zoom in view.

be computed by averaging all the diagonal elements). The

accuracy achieved by NN is 98.36%, NB 70.32%, and MLR

59.44%. Even though our proposed approach only improves

0.95% from NN classifier, the training time used by our

proposed approach is relatively shorter than the NN training

time. In particular, our proposed approach only use less than

3min to train the classifier with 70k training samples, whereas

NN use more than 30min to finish the training. The short

training time and high accuracy indicate the superiority of our

proposed approach to NN.

We repeated the same experiment for 270 times by randomly

sampling 1000 samples from the testing samples. For each

1000 sub-testing samples, we further inject some random noise

to the data. The accuracy for all the 270 times were logged.

After that, we computed the cumulative distribution function

(CDF) by using the Matlab function - ”ecdf”. According to the

result shown in Fig. 7, it is clear that our proposed approach is

able to achieve 99.3% at least 96% of the time. Such a result

indicates that our proposed approach can still maintain its

superior performance under a noisy environment by learning

a robust fingerprint representation with our DCAE.

V. CONCLUSIONS

This paper achieves a sub-room level occupancy detection

with robust RF fingerprint learned by our proposed DCAE.

Specifically, our proposed DCAE is robust towards the RSS

variations and environmental noise. The experimental results

indicate that our proposed approach achieves a substantial

performance gain in comparison to the conventional autoen-

coders and machine learning techniques. In this work, we use a

fixed dictionary to expand the dimensionality of the fingerprint

vector such that we can still apply the autoencoder to learn

a robust fingerprint. While most of the autoencoders require

the size of the hidden units to be smaller than the size of the

input, sparse autoencoder, on the other hand, is able to encode

meaningful hidden representation even though the size of the

hidden units is much larger than the size of the input data.

Hence, in future work, we can add a sparse autoencoder to

enlarge the dimensionality of the encoded feature given the

low dimensional fingerprint vector.
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