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Abstract—The emergence of Bluetooth low energy (BLE) beacons has promoted the development of proximity-based service (PBS),
which is a context-aware application delivered subject to the Proximity of Interest (PoI). Most commercial applications use the
sequential proximity detection with a fixed scanning mechanism to identify the target PoI. Such sequential execution, though is able to
produce reliable detection, suffers severe performance degradation especially when the number of deployed beacons in the vicinity
increases. To understand the effects of dense deployment, we conduct an empirical investigation and derive the statistical properties of
both received signal strength (RSS) and signal inter-arrival time. In light of the statistical insights, this paper proposes a high resolution
proximity detection using an adaptive scanning mechanism fusion with a spontaneous Differential Evolution (AS+sDE). This novel
approach enables the receiver to adapt its scanning duration conditioned on the deployment density and make an almost spontaneous
detection in parallel with the scanning. The feasibility of the proposed approach is verified by both simulations and real-world
implementations. For a density of ≤ 5 beacons/m2, AS+sDE achieves a superior performance with a high accuracy rate, i.e., on
average < 1s is spent to guarantee at least 90% accuracy.

Index Terms—Proximity detection, Bluetooth Low Energy Beacon, Proximity-based Services, Deployment density
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1 INTRODUCTION

LARGE scale wireless network deployment, especially the
mobile ad-hoc network via Bluetooth Low Energy (BLE)

beacons [1] [2], has inspired diverse context-aware applica-
tions (e.g., [3] [4] [5] [6]), which can be broadly classified
into the following two types: location-based services (LBSs)
and proximity-based services (PBSs). In general, both LBSs
and PBSs might use similar infrastructures; however, the
underlying operational logics are different. An LBS is a
location-restricted service delivered according to the loca-
tion information [7] [8] [9], which can be estimated via the
received signal strength (RSS)-based localization techniques,
such as trilateration [10] [11] and fingerprinting [12] [13]
[14]. A PBS, on the other hand, delivers the context-aware
services according to the proximity between a receiving
node (RN) and a Proximity of Interest (PoI), regardless of
the exact location of the RN [15] [16]. The notion of the PoI is
defined to refer to an object or a location that is designated
to deliver a specific PBS to the encountered RN, and the
proximity detection refers to the technique in detecting the
target PoI. Similar to the RSS-based localization techniques
[17] [18], most proximity detection techniques exploit the
RSS measurements to detect the target PoI [19] [20].

In recent years, the wide accessibility of Bluetooth tech-
nology in off-the-shelf smartphones has made BLE beacons
one of the best infrastructures for the PBS developments
[21] [22]. In fact, most BLE beacons on the market now, e.g.,
iBeacon by Apple1, Eddystone by Google2 and AltBeacon
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by Radius Networks3, are directed at the PBS develop-
ments. Often, an open-source software development kit
(SDK) are provided freely by these manufacturers to fasten
the development cycle. In general, beacon-based proximity
detection is computationally inexpensive,in addition to the
strong technical supports from the mobile development
community. Such promise has promoted the development of
PBS-related applications such as proximity marketing [23]
[24], presence tracking [25] [26] [27], occupancy detection
[28] [29], proximity authentication [30] [31], proximity-based
multimedia content sharing [32] [33], proximity-based guid-
ance for the blind [34], etc.

Clearly, the active involvement of these industries has
contributed to the exponential growth of PBS-related appli-
cations on the commercial market. Such growth has led to a
massive deployment of beacons in the public spaces such as
airports, shopping malls, museums, etc. While many are ex-
cited by the unlimited business opportunities with the PBS
systems based on BLE beacon technology, little attention
has been devoted to exploring the possible challenges with
regard to such massive deployment. Furthermore, current
beacon-based proximity detection can only achieve up to
room level accuracy [35] [36]. In other words, the detection
performance will be severely affected when there are more
than two PoIs to be detected in a given room. That is to say,
the room level accuracy might fail to satisfy the detection
performance required by a PBS system, given the increasing
number of PoIs within a small area.

Most commercial PBS systems use the provided SDKs to
develop their applications. These SDKs mostly employ the
sequential proximity detection with a fixed scanning (FS)
mechanism; the RN is initiated to scan for any observable

3. ”AltBeacon: The Open and Interoperable Proximity Beacon”,
”http://altbeacon.org/”
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Fig. 1. The proposed approach uses an adaptive scanning fusion with a spontaneous differential evolution to achieve a better proximity detection.

beacon signals, identify the target PoI based on the collected
signals and output the detection decision to the server for
service mapping. In general, FS is able to return an accurate
detection when there are only a few deployed beacons with
sufficient separation distance. However, such an approach
might suffer severe performance degradation when the
density of the beacon deployment in the vicinity increases,
not to mention the narrow channel width allocated for
each beacon signal (i.e., 2MHz), which further increases the
chances of signal collision [37].

To address the above issues, a thorough empirical inves-
tigation is conducted to analyze the statistical properties of
beacon signals in the vicinity with dense deployment. In-
spired by the insights acquired from the empirical analysis,
this paper proposes a novel adaptive scanning mechanism
fusion with a spontaneous Differential Evolution (AS+sDE).
As illustrated in Fig. 1, instead of sequentially execute
the long scanning follows by the proximity detection; the
proposed approach uses a very short scanning duration
to achieve a seemingly parallel proximity detection. The
stopping condition is used to check if an optimal detection
decision is achieved, and to adapt the scanning duration
if otherwise. The main contributions of this paper are as
follows:

1) Statistical Properties of Beacon Signals: We verify the RSS
distribution with a set of real experimental beacon
signals and derive the signal inter-arrival time based
on the empirical observation.

2) Adaptive Scanning fusion with Spontaneous Differential
Evolution: As opposed to the sequential scanning, pro-
cessing and decision making, the proposed approach
processes the signals and makes a spontaneous detec-
tion in parallel with the scanning conditioned on the
deployment density.

3) Detection Accuracy and Accuracy rate: We adopt the con-
ventional probability measure to evaluate the detection
accuracy, and further refine the performance measure
by confining the accuracy to response time.

4) Simulation and Practical Experiment: Based on the de-
rived statistical properties, a simulation program is
built to benchmark the performance of the proposed
approach with other commonly used approaches. The
feasibility of the proposed approach is further verified
by real-world implementations.

The rest of the paper is organized as follows. Section 2

describes the two main operations in a beacon-based PBS
system. Section 3 derives the statistical properties of beacon
signals according to the empirical observation. Section 4
presents the proposed approach, i.e., (AS+sDE). Section
5 describes the simulation environment and presents the
results. In this section, two performance measures, i.e., the
detection accuracy (AD) and the detection rate (Ar) are
described to evaluate the detection performance. Section 6
illustrates the real-world implementations and discusses the
results. Section 7 concludes the paper.

2 BEACON-BASED PBS SYSTEM

A PBS system is defined as a particular region that provides
specified context-aware service. In particular, the system
leverages the BLE beacons as the basic infrastructures to
interact with the RN before delivering the service. BLE can
be configured into four device roles: peripheral, central,
broadcaster and observer (refers to [38] for detailed descrip-
tions on each device role). The role of interest in this paper is
either the peripheral or broadcaster, which is widely known
as BLE beacon. A BLE beacon advertises its signals peri-
odically according to a pre-configured advertising interval
Ta, which defines the frequency of the beacon signals being
transmitted for a given duration. Given Ta, the number of
signals which can be observed by an RN in 1 s is

Nf =
1

Ta
, (signals/s), (1)

where Nf is the expected number of observable signals per
second, and Ta typically ranges from 20ms to 20 s subject
to the beacon configuration. Clearly, the number of signals
that can be observed by an RN increases with decreasing
Ta. Even though a high Nf can help the RN in making a
correct detection, a short Ta, however, can be a threat to the
beacon’s battery life.

The fundamental infrastructure of a beacon-based PBS
system is the deployed BLE beacons, and we denote an
object or a location that is associated with a beacon as the
Proximity of Interest (PoI). Mathematically, the PoI in a PBS
system can be expressed by a set of vectors/matrices:

Ω = {Ωb : b = {1, 2, ..., N}}, (2)

where b is a set of indexes denoting a particular PoI. Each
vector Ωb can be characterized by its features such as
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TABLE 1
Related variables and their notations

Variable Notation

Advertising interval Ta

Scanning duration Ts

Expected number of observable signals in 1 s Nf

Total number of observable signals in Ts K

A PoI representation in a PBS system Ωb

A set of PoI’s indexes b

Total number of PoIs for a PBS system N

Signal arrival rate λ

Beacon to receiving node distance dbr

Deployment density D

Coverage area of a PBS system A

Time average RSS from the ith PoI φi

Average inter-arrival time for the signals from the
ith PoI

τi

Energy level contributed by the ith PoI Ei

Instantaneous RSS in the unit of Watt Pr,Watt

Instantaneous RSS in the unit of dBm Pr,dBm

RSS, time of arrival (ToA), etc. In this paper, we use the
instantaneous RSS measurements and the inter-arrival time
to characterize the PoI.

Each PoI in a PBS system is designed to serve the same
PBS but with a different context; for example, a restaurant
establishes a food ordering PBS system by associating a
beacon to each dining table. In this case, each dining table
is a PoI that serves the same food ordering service but each
table has their own unique meta-context such as the table
number, virtual robot servant, etc. Other examples include
the logistic management in the warehouses and the luggage
tracking in the airports.

Obviously, there should not be any issues when there
is only one PoI for the entire PBS system; however, many
real-world implementations often require more than one
PoI to achieve the ultimate objective of their application
design. The challenges arise when the number of PoIs
required in the vicinity increases. The following subsections
describe two main operations dealing with a beacon-based
PBS system, i.e., the scanning and the proximity detection.
To facilitate the rest of the discussion, we summarize all the
relevant notations in Table 1.

2.1 Scanning

As discussed, the two features of interest which can be used
to represent a PoI are the received signal strength (RSS) and
the signal inter-arrival time. RSS describes the log-ratio of

the received power (in milliWatt) to the referenced power
at 1mW [39], i.e.,

Pr,dBm = 10 log
Pr,Watt

1mW
, (3)

where Pr,dBm is the RSS measurement in dBm, and Pr,Watt

is the instantaneous signal power in Watt.
Before an RN can measure any incoming signals, it must

first initiate the scanning. Instead of scan continuously, most
RNs are configured to have a fixed scanning duration Ts. In
general, Ts must be at least two times greater than Ta to
ensure a high signal acquisition rate. When Ts is shorter
than Ta, the likelihood for the RN of seeing a signal is
relatively low.

Now, suppose that Ts is longer than Ta and multiple
RSS measurements are observed by the RN, i.e., Pr,dBm =
{Pr,dBm(tk) : 0 < k < K ∨ tk ≤ Ts}, then for a given Ts,
the time average RSS from the ith beacon can be computed
as follows:

φi =
1

K

K∑
k=1

P
(i)
r,dBm(tk), ∀i ∈ b, (4)

where tk denotes the kth discrete time a beacon signal is
observed for k = (0,K] and K is the total number of signals
observed during Ts, which according to Eq. (1), should be
K ≤ Nf × Ts. In particular, t1 is the time when the beacon
signal first arrived at the RN, t2 is the time for the second
arrival and tk is the time for the kth arrival. Hence, the
average inter-arrival time between the k and k− 1 observed
signals can be described as follows:

τi =


1

k−1
∑K
k=2(tk − tk−1), if k ≥ 3

tk − tk−1, if k = 2

tk, if k = 1

0, if k = 0

, ∀i ∈ b, (5)

In most cases, we exclude the arrival time at k = 1 from the
average calculation as the time for the first arrival is random,
and the RN might receive the first signal immediately if
the RN initiates the scanning right after the next signal
transmission. Section 3 further discusses the effect of the
distance between the RN and the beacon on the inter-arrival
time based on the empirical observation.

Since a PBS system normally consists of more than one
PoI and assuming that each beacon associated with each PoI
functions perfectly, then all the φi and τi registered by the
RN given a certain scanning duration can be described with
the following two n dimensional observed vectors,

Φ =

φ1...
φn

 , T =

τ1...
τn

 , (6)

where φ1 and τ1 are the time average RSS and the inter-
arrival time representation of PoI 1, respectively, i.e., Ω1 =
{φ1, τ1}, Ω2 = {φ2, τ2} and so on. n is the total number of
PoIs seen by the RN in the current scanning. Note that n
does not necessarily represent the total number of PoIs, and
the value of nmight differ for each scanning. In other words,
not all the PoIs are observed during a scanning unless n =
N , where N is the total number of PoIs for a PBS system.



1536-1233 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2017.2759734, IEEE
Transactions on Mobile Computing

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. X, MM YYYY 4

Since Ts for most RNs are fixed, the underlying question
here is what should be the best configuration of Ts such
that the RN can see all the N beacons signals? Furthermore,
how can we still guarantee a good detection performance in
the vicinity with dense deployment? The RN might unable
to make a correct judgment and thus return an incorrect
detection when it fails to observe the complete picture of a
PBS system. More specifically, an incorrect detection deci-
sion will be produced when there are insufficient number
of RSS measurements for the RN to vote. The situation
get even more complicated when the RSS contributed by
the adjacent PoIs exhibit a almost similar distribution and
confuse the RN. To understand the relationship between
the observed vectors with respect to the scanning duration
and the deployment density, Section 3 provides an empirical
analysis based on the real experimental beacons signals and
derives their statistical properties.

2.2 Proximity Detection
As illustrated in Fig. 1, the next operation following the
scanning is the proximity detection. Proximity detection
identifies the target PoI based on the observed vectors. Here,
we consider the two observed vectors as described in Eq. (6).
Suppose that there are in total N number of PoIs for a
PBS system, after the scanning, n number of time average
RSSs and inter-arrival times are observed, then based on
these observed vectors, we can calculate the energy level as
follows:

E = ΨTT, (7)

where the observed vector T ∈ Rn consists of the inter-
arrival times from n number of PoIs, and Ψ ∈ Rn is the
vector of the time average RSS in the Watt scale obtained
through the following conversion:

Ψ = 10−3 × 10
Φ
10 = 10−3+

Φ
10 . (8)

Based on the resultant energy level vector E ∈ Rn, we
can identify the target PoI by taking the entry that returns
the highest energy level. The intuition here is that the target
PoI where the RN is currently in proximity with should
produce the highest energy level. Hence, the proximity
detection model can be formulated as follows:

î := arg max
i∈bn

{Ei}. (9)

whereEi is the energy level for PoIi, bn is the reduced set of
the PoI’s indexes subject to the n number of PoIs observed
during Ts, and bn ⊆ b.

Once the index of the target PoI î is identified, the RN
forwards the detection output to the server to request the
mapped service. Clearly an incorrect detection will eventu-
ally lead to an incorrect PBS delivery, it is thus important
to have a reliable proximity detection. To improve the
detection performance, one can increase the length of Ts
such that the RN can acquire a better picture regarding the
number of PoIs in a PBS system. However, searching over
all the elements in E can be a lengthy process. Nonetheless,
there are still possibilities to miss the target signal even
with such a long Ts. Such a scenario gets even worse
when the deployment density increases. Before furthering
the discussion on our proposed approach in Section 4, the

(a) (b)

Fig. 2. The setting of (a) experiment 1 to investigate the effect of dbr ,
and (b) experiment 2 to investigate the effect of D.

next section presents an empirical analysis based on the real
RSS measurements, which provides the insight towards the
design of the proposed approach.

3 EMPIRICAL ANALYSIS

Suppose that all the deployed beacons are configured to
have the same Ta, the time for an RN to observe the first
signal is still random due to the following reasons. First, the
time for each beacon to start their transmission is random;
and second, some signals might get attenuated or collided
along their propagation path. The time for a signal to arrive
at the RN is further subject to the distance between the
beacon and the RN. Since signals are susceptible to environ-
mental noise, the chances of them being attenuated before
reaching the RN increases with increasing distance. Given
a short Ts, the RN might fail to observe a complete picture
regarding all the PoIs in a PBS system as a consequence of
the aforementioned scenarios. Furthermore, signal collision
is unavoidable when there are many PoIs in the vicinity.
In other words, dense deployment might further shrink the
size of the observed vectors (i.e., Φ and T) due to the signal
collisions.

Consider the two parameters, i.e., distance and density,
which might affect the complete observation at the RN, we
set up two experiments as depicted in Fig. 2 to examine
the effect of (a) the distance between the beacon and the RN
dbr , and (b) the deployment density D. Experiment 1 was
conducted in a long corridor with a single beacon, in total
1000 RSS measurements were collected from 0m to 10m
with 1m increment every step. Experiment 2 was conducted
in a small classroom by varying the number of beacons from
1 to 12. Similarly, 1000 signals samples were collected before
increasing the number of beacons. The empirical analysis of
each experiment is presented in Section 3.1 and Section 3.2,
respectively.

3.1 Beacon to Receiver Node Distance

Fig. 3(a) depicts the RSS variation with respect to time when
the receiver was placed 10m from the beacon. It can be
observed that even though the RSS fluctuates over time, the
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(a) (b) (c)

Fig. 3. The empirical observations based on: (a) the RSS variation and their distribution with dbr = 10m; and (b) and (c) the signal inter-arrival
process with dbr = 2m and dbr = 10m, respectively.

(a) (b)

Fig. 4. Least square fitting is used to find the relationship: (a) between the measured RSS and actual distance, and (b) between the signal arrival
rate and the actual distance.

fluctuation indeed follows a Gaussian distribution, as stated
in [40],

fφ(Pr,dBm(t)) =
1

σ
√

2π
exp

(
−1

2
(
Pr,dBm(t)− φ

σ
)2
)
,

(10)
where φ and σ2 are the mean and the variance, respectively,
calculated with respect to the distance, dbr. The effects of
dbr on the RSS fluctuation for dbr ranging from 1m to 10m
are plotted in Fig. 4(a), and the least square fitting method
is used to find the best fit curve. It can be observed that the
fitted curve follows the general path loss model [41], which
can be described by the following equation:

Pr,dBm = α10dbr + β, (11)

where α is a constant and β is the corresponding loss
exponent induced by the surrounding noise.

The signal arrival patterns and their inter-arrival distri-
bution with dbr = 2m and dbr = 10m are illustrated in Fig.
3(b) and (c), respectively. It can be observed that the signal
inter-arrival time follows a Poisson arrival process, with the
arrival rate varying according to dbr. In other words, signals
take a longer time to arrive at the RN when dbr increases.
By distributing the signal inter-arrival time conditioned on
the number of received signals, the Poisson arrival process
can be described by the following equation:

fτ (τ |K) = exp(−λt)λ
K

K!
, (12)

where λ is the signal arrival rate and K is the total number
of signals observed during Ts.

Eq. (12) clearly tells that the signal inter-arrival time
depends on the signal arrival rate λ. If Ta is set to 100ms,
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(a) (b) (c)

Fig. 5. The distribution of RSS when the beacon density equals to (a) 2 beacons/m2, (b) 6 beacons/m2 and (c)10 beacons/m2.

then according to Eq. (1), the total expected number of
arrival signals in 1s should be 10. However, in a practical
scenario, the actual signal arrival rate, λactual, is generally
less than Nf , and λactual decreases with increasing dbr . To
understand the relationship between λactual and dbr, the
signal arrival rates at different distances are calculated and
the resultant data points are plotted, as shown in Fig. 4(b).
Similarly, the least square fitting method is used, and the
corresponding best fit equation is obtained as follow:

λactual =
1

Ta
exp(−Tadbr). (13)

From Eq. (13), it is clear that λactual depends on the
beacon advertising interval, Ta. The maximum λactual is
around 9 at a distance ≤ 1m, this shows that most signals
are able to reach the RN successfully when dbr is small. In
other words, the RN needs to have a longer Ts to guarantee
no signals are missed when dbr increases.

3.2 Signal Properties in a Dense Beacon Network
Given the total area covering a PBS system, the deployment
density can be defined as follows:

D =
N

A
, (beacons/m2), (14)

where N denotes the total number of PoIs in the vicinity
and A is the total coverage area of a PBS system.

Fig. 5 illustrates the mutual interference
between neighboring beacons, with D equal to
2 beacons/m2, 6 beacons/m2 and 10 beacons/m2. When
D = 2 beacons/m2, the signals are still distinguishable, but
when D continues to increase, e.g., D = 10 beacons/m2,

Density of beacon network
2 4 6 8 10 12

S
ig

na
l a

rr
iv

al
 r

at
e

6.5

7

7.5

8

8.5

9
Data Point
Distance vs RSS

Fig. 6. The setting of (a) experiment 1 to investigate the effect of dbr ,
and (b) experiment 2 to investigate the effect of D.

the RN might find it difficult to distinguish the signals and
thus identify the target PoI. Moreover, every beacon in the
vicinity continuously advertises their signals independently
according to their own pre-defined Ta, collision problem
arises when D increases. Such collision further affects the
signal arrival rate. The relationship between λ and D is
plotted in Fig. 6, which can be expressed as follows:

λ = −γD + λactual, (15)

where γ is the decaying constant and λactual is the actual
signal arrival rate.
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From the empirical analysis, it is clear that both dbr and
D affect the RSS variation and the inter-arrival time. This
simply implies that the conventional scanning mechanism
relying on a fixed Ts is most likely to produce an incorrect
detection output when eitherD or dbr increase. Even though
increasing Ts can achieve a more complete signal acquisition
regarding the deployed PBS system, a long Ts might, in
turn, prolong the service delivery and eventually affect
users’ experiences. In other words, a good beacon-based PBS
system should be able to deliver a correct service within an
acceptable delivery time. A correct service delivered beyond
an acceptable time can have a negative impact on the users’
experiences.

4 PROPOSED SOLUTION

As discussed in Section 1, the conventional sequential ex-
ecution employed by most PBS systems simply scan for a
fixed duration Ts and then select the target PoI based on the
observed vector. This, though able to detect the target PoI
provided Ts is sufficiently long and D is low, suffers from
performance degradation when D increases. Furthermore,
the RN will continue to scan until it completes the scanning
cycle despite the fact that the signal from the target PoI has
been received.

In view of the inflexibility of the conventional approach,
this paper proposes a novel proximity detection approach
by adapting a scanning duration in parallel with a spon-
taneous Differential Evolution (AS+sDE), as illustrated in
Fig. 1. Instead of scanning for a fixed and long Ts, the
proposed approach uses a very short Ts to enable the
system in making an almost spontaneous detection out-
put seemingly in parallel with the scanning. The stopping
conditions are introduced for two purposes: to adapt the
scanning duration, and to determine the final detection out-
put. The adaptive scanning and the detection output based
on the spontaneous differential evolution are discussed in
Section 4.1 and Section 4.2, respectively.

4.1 Adaptive Scanning Mechanism

During the scanning, the RN is able to listen to any incoming
signals in the vicinity. The beacon density for some PBS
systems might not necessarily remain the same thorough
the time. The changing density is an unavoidable scenario
for certain PBS-related use cases, for example, the logistic
management in the warehouses or the luggage tracking in
the airports. The intense shipping activities in the ware-
houses will change the density from time to time. Nowadays
a lot of airports had started to offer beacon association
to the luggage. The beacon density for a given luggage
arrival track is always varying, subject to the arrival and
departure of the luggage. Even though the beacon density
for a restaurant use case is fairly fixed, the restaurant might
also experience a certain change in the beacon density when
extra dining table is added or a few tables are merged to
serve a bigger group.

The unpredictable density changes further affect the
detection performance of the conventional scanning mecha-
nism in which the fixed Ts might unable to capture adequate
number of signal samples for decision making and thus

producing an incorrect detection output. Such an incorrect
detection can be avoided if the RN is capable of adapting its
Ts conditioned to the changing density. The algorithm of the
adaptive scanning (AS) mechanism is described as follows:

Algorithm 1 Adaptive Scanning (AS)

Input : Ts = t̃, maxIter = 100
Output: Observed vectors, Φ̃ and T̃
Initialize: count = size(Φ̃), iter = 1, compareRatio = 0

while t < Ts do
if iter == 1 then

Store and average:
- the instantaneous Pr,dBm into Φ̃
- the inter-arrival time into T̃

else if iter ≥ 1 then
Store and average:
- the instantaneous Pr,dBm into Φ̃(iter)

- the inter-arrival time into T̃(iter)

else if iter ≥ 2 then
Compare Φ̃(iter−1) and T̃(iter−1)

with Φ̃(iter) and T̃(iter)

and update the Φ̃ and T̃

Set compareRatio = size(Φ̃(iter−1))

size(Φ̃(iter))

else
Increase iter by 1

end

if count ≥ 3 or compareRatio == 1 or iter > maxIter
then

Forward the current Φ̃ and T̃ to the sDE function
BREAK and exit the WHILE loop

end
end

As illustrated in Algorithm 1, the RN first initiates
Ts = t̃. In general, t̃ is set to equal to Ta because the
likelihood of seeing a signal is relatively low when Ts < Ta.
In case the Ta is unknown to the RN, the RN can first scan
continuously until the first signal is received, and then esti-
mates the Ta from the first received signal. Mathematically,
t̃ can be estimated as follows:

t̃ =


Ta, if Ta is known
2× tk, if Ta is unknown
S × t̃, if S is available

, (16)

where S is a tuning parameter produced by sDE from time
to time and S = (0, 2].

Even though it is a common practice to set a same Ta for
all the beacons, some PBS systems might use a different Ta
for different beacons to suit their application requirement.
For example, the PBS systems which prioritizing the service
according to the user’s group or imposing different interac-
tivity elements at different PoIs. In this case, we still can set
the Ts to the first Ta estimated from the system and then
adjust the t̃ from time to time according to S produced by
sDE, which is discussed in the next section. The idea is just
to make sure the RN is able to observe some signals during
the scanning rather than enforcing the RN to a particular Ts.
In general, it is desirable to have the scanning duration as
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short as possible such that the RN can detect the target PoI
spontaneously using the extended differential evolution.

Within the while loop, the RN will check if at least three
different sets of signals (i.e., from different beacons) are
received; if yes, the RN will pause its current scan and
proceed to sDE to identify the temporary detection output.
Such a condition is set because the minimum number of
signals required by sDE is 3. The detailed descriptions of
sDE are presented in the next subsection. Besides this while
conditional statement, there are another two if conditional
statements. The first if statement compares the elements in
the current observed vectors with the previous observed
vectors to check if there are any signals from new beacons;
if no new set of signal is observed, the RN will terminate its
scan and proceed with sDE. The second if statement checks
if the number of iterations reaches the predefined maximum
iteration threshold. Such a condition is necessary to avoid
the RN being trapped inside the while loop.

4.2 Spontaneous Differential Evolution
Differential evolution (DE) is a heuristic algorithm which
is able to search for an optimum solution that changes
over time [42]. Even though DE might not always converge
to the absolute optimum, it is able to return an approxi-
mate optimum solution in a very short time. Most of the
proximity/positioning techniques that have adopted the DE
algorithm [43] [44] [45], require a large number of RSS
measurements before the algorithm can be applied. Such
a comprehensive signal acquisition is impractical in a PBS
system since near real-time service delivery is expected to
ensure the users’ experiences.

In contrast, this paper proposes a spontaneous differen-
tial evolution (sDE) by extending the existing DE such that
the proposed sDE is able to process the observed vectors
almost in parallel with the AS mechanism. In general, sDE
adopts the four fundamental steps described in the legacy
DE algorithm, i.e., initialization, mutation, recombination
and selection.

• Initialization: sDE initializes the AS function and sets
the t̃ according to Eq. (16). Once the size of the
observed vectors exceeds or equal 3, the scanning
is paused immediately. The two observed vectors
obtained during the scanning, are forwarded to the
sDE subroutine. sDE sorts the observed vectors in the
current generation in descending order. Referring to
the observed vectors defined in Eq. (6), the sorted
observed vectors can be refined to follow:

Φ̃(G) =



φ
(G)
1
...

φ
(G)
ñ

 : φ
(G)
1 > φ

(G)
2 > · · · > φ

(G)
ñ

 ,

(17)

T̃(G) =



τ
(G)
1
...

τ
(G)
ñ

 : τ
(G)
1 > τ

(G)
2 > · · · > τ

(G)
ñ

 ,

(18)
where ñ is the population size of the current genera-
tion G, i.e., the total number of PoIs observed in the
current scanning. Note that ñ 6= n and n is generally

greater than ñ in the first few generations; however,
as the generation increases, ñ will eventually be
greater than n and approximates N .

• Mutation: Two donor vectors are generated based on
the top three elements from both Φ̃(G) and T̃(G)

whenG = 1; whereas whenG ≥ 2, the donor vectors
are calculated based on the top two elements from
Φ̃(G) and T̃(G) and the selected φ

(G−1)
io

and τ
(G−1)
io

.
Mathematically, the mutation process between these
three elements is formulated as follows:

φ
(G)
d = φ

(G)
1 +M(φ

(G)
2 − φ(G)

3 ), (19)

τ
(G)
d = τ

(G)
1 +M(τ

(G)
2 − τ (G)

3 ), (20)

where M is the mutation ratio ranging from [0, 2].
φ
(G)
d and τ (G)

d are the generated donors.
• Recombination: Two trials, i.e., φ(G)

T and τ (G)
T are pro-

duced by combining the two donors with the target
elements selected from the previous G. In particular,
the target elements φio and τio are equal to φ(G)

1 and
τ
(G)
1 if G = 1. If G > 1, then the target element is

based on the selection output io produced by the pre-
vious generation G − 1. The recombination between
the donors and the selected targets is governed by a
predefined crossover rate, i.e.,

(
φ
(G)
T
τ
(G)
T

)
=



(
φ
(G−1)
io

τ
(G−1)
io

)
, if randj ≥ C(

φ
(G)
d

τ
(G)
d

)
, if randj < C

, (21)

where the crossover rate C ranges from (0, 1], and
randj is the random value generated between [0, 1].
Note that both M and C are the parameters that
introduce certain perturbation to current searching
space such that the system is not confine to the
initialized searching space and being trapped into
current local optimal. While learning the best pa-
rameter settings for both M and C are desirable,
the learning process indeed take times and large
training data is required to achieve the best learning
outcome. Consider the real-time requirement of the
PBS system, it is impractical to conduct intensive
training; hence, in this paper, we did not design
the system to learn the optimal parameter settings,
instead we manually configure their value according
to the suggestion advised in [42]. Future work can
be devoted to design a system which is capable of
learning the best parameter settings on-the-fly and
minimize the required training time to ensure real-
time experiences.

• Selection: Lastly, the resultant trials (φ(G)
T , τ (G)

T ) and
the previously selected targets (φ(G−1)io

, τ (G−1)io
) are

substituted into Eq. (7) to calculate its corresponding
signal energy level, i.e.,

E
(G)
T = τ

(G)
T (10−3+

φ
(G)
T
10 ), (22)

E
(G−1)
io

= τ
(G−1)
io

(10−3+
φ
(G−1)
io
10 ). (23)
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With this, the proposed sDE only needs to compare
the resultant E(G)

T and E(G−1)
io

to select the optimum
solution, rather than searching over the entire E
to find the maximum î. Note that the selected io
is just the temporary decision held in the current
generation. Mathematically, it can be described as
follows:

io := arg max
i∈bn

{E(G)
T , E

(G−1)
io

}, (24)

The temporary selected decision io yields another φ(G)
io

and τ (G)
io

in the current generation. Besides this, the resultant
io determines the turning parameter S for the AS process.
The turning parameter is set to 1 if G = 1; whereas for
G > 1, the turning parameter can be determined as follows:

S = 2

(
1− exp

(
−

E
(G)
io

E
(G−1)
io

))
. (25)

The above equation confines the turning parameter S to 0
and 2 which satisfies the requirement of Eq. (16). The turn-
ing parameter S is forwarded to the AS subroutine to tune
the t̃; whereas the resultant φ(G)

io
and τ (G)

io
are forwarded to

the next generation, and the same procedures are repeated
until one of these conditions is met: î converges to a certain
value for a consecutive three generations or G reaches the
maximum threshold. Upon meeting one of these conditions,
the RN stops both AS and sDE functions simultaneously and
set io = î. The general flow of sDE is described in Algorithm
2.

Algorithm 2 Spontaneous Differential Evolution (sDE)

Input : Observed vectors, Φ̃ and T̃, maxG = 100
Output: Detection output, io
Initialize: population = size(Φ̃), G = 1, M = 0.8, C = 0.5

Sort both Φ̃ and T̃ in descending order
if G > 1 then

Select the top two elements Calculate the turning param-
eter using Eq. (25)

else
Select the top three elements Set S = 1

end
Forward the turning parameter to AS

Perform:
- mutation using Eq. (19) and (20)
- crossover using Eq. (21)
- selection using Eq. (24)

if G > 2 then
if i(G−2)o == i

(G−1)
o == i

(G)
o or G > maxG then

Set î = io
BREAK and exit the WHILE loop

end
end
Increase G by 1

5 SIMULATION

This section discusses the simulation results obtained from
the three approaches, i.e., the fixed scanning mechanism

with the maximum selection (FS+Max), the adaptive scan-
ning mechanism with the maximum selection (AS+Max),
and the proposed approach AS+sDE. Both FS+Max and
AS+Max are approaches with a sequential execution that
performs the scanning, process and detection operations
in sequence. Note that even though AS+Max employs the
adaptive scanning mechanism, a complete signal acquisition
are still required before the RN can process the signals,
which means the RN needs to repeat its scan until no new
signals are observed in the next scanning. However, this
is not the case with AS+sDE in which the RN can make a
spontaneous detection with at least three signal sets, and
both AS and sDE are executed almost in parallel.

Before discussing the simulation environment and the
results in Section 5.2 and Section 5.3, respectively, the next
subsection first describes the performance measures which
are used to benchmark the detection performance.

5.1 Performance Measures

This paper adopts a conventional probability measures to
evaluate the detection performance and further refine the
adopted measures by taking the response time into con-
sideration. In general, these two performance measures are
described as follows:

• Detection Accuracy: We adopt the conventional proba-
bility measure to evaluate the detection performance
by analyzing the number of correct detections with
respect to the total number of detections performed
by an RN for a given period. In general, the detection
accuracy AD can be expressed as follows:

AD =
1

N

N∑
n=1

On, (26)

where N is the total number of detections and On is
the output measured at the nth detection with

O =

{
1, if î = target PoI at i
0, if î 6= target PoI at i

. (27)

• Accuracy Rate: In fact it is meaningless if the RN
needs to take a longer time to achieve a high AD .
Hence, it is vital to examine the total time an RN
takes to return the detection output. To investigate
the efficiency of the RN in producing a correct de-
tection output with respect to time, we define a per-
formance measure by taking the response time into
accuracy consideration. This performance measure
is named as accuracy rate Ar, which examines the
mean amount of time the RN takes to produce the
expected accuracy.

Ar = AD(
N∑
n=1

{tn|On = 1})−1, (28)

where tn is the total amount of time the RN takes to
produce a correct detection, i.e., On = 1 at the nth
detection.



1536-1233 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2017.2759734, IEEE
Transactions on Mobile Computing

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. X, MM YYYY 10

(a) (b)

Fig. 7. The simulation compares the results of the three approaches in terms of (a) the detection accuracy, and (b) the accuracy rate with respect
to the deployment density.

TABLE 2
Parameter settings for the three simulation environments

Parameter Horizontal Vertical Cube

Area 2× 0.5m2 0.5× 2m2 1× 1× 1m3

Ta 100 ms

Beacon population 1 to 20

Transmit Power 0dBm

RF channels Channel 38 (2474MHz)

Carrier frequency ±150kHz

5.2 Simulation Environment
Three types of simulation settings were developed: hori-
zontal, vertical and cube. The horizontal setting aligns the
beacons horizontally subject to the total area defined in the
simulation. Similarly, the vertical setting aligns the beacons
vertically; whereas the cube setting confines the beacons
randomly within the enclosed volume. The setting of the
related parameters, for these three simulation environments,
are summarized in Table 2.

For both the horizontal and vertical settings, the RN
is placed at a static point from the beacons. Assume that
both x and y coordinate of the ith PoI are known, then
the distance between the RN from all the PoIs can be
calculated with dxy =

√
(xr − xi)2 + (yr − yi)2. For the

cube setting, the PoIs are tabulated around the enclosed
volume. For all the simulations, the beacons were set to
advertise their signals according to Eq. (10) and (12). In
total 100 simulations were executed for each setting, with
D increased from 1 beacons/m2 to 20 beacons/m2 with a
1 beacons/m2 increment every step.

5.3 Simulation Results
Both AD and Ar obtained from all the three settings are
averaged and the results are plotted, as shown in Fig. 7(a)

and Fig. 7(b), respectively. It is observed that most ap-
proaches have a high AD when D is low, and AD decreases
as D increases. However, AS+sDE is able to guarantee
an above average detection accuracy (i.e., ≥ 0.5) when
D increases beyond 10 beacons/m2. The performance gain
is significant comparing to both AS+Max and FS+Max, in
which their detection accuracies drop to below 0.5 when
D > 15 beacons/m2 (for the case of AS+Max) and when
D > 14 beacons/m2 (for the case of FS+Max). In average,
the detection accuracy of AS+sDE is approximately 15%
higher than both AS+Max and FS+Max. Such superior per-
formance validates the capability of AS+sDE in making a
seemingly spontaneous detection while the RN continues to
adapt its scanning duration.

Since most PBS systems employ the proximity detection
techniques to decide the PoI prior to delivering their ser-
vices, the total time taken to deliver a service is important
to guarantee users’ experiences. The detection accuracy
conditioned on response time is illustrated in Fig. 7(b). For
the FS+Max approach, the Ar simply depends on the AD as
Ts is fixed. Obviously, such an approach is simply inflexible
as the RN will keep on scan even though the target signal
has been received. For example, when D = 1, both AS+Max
and AS+sDE are able to return a detection output in less
than 1 s; however, FS+Max still needs to scan for a complete
scanning cycle (i.e., Ts = 1 s in this case) before proceeding
with decision making. Further, AS+sDE achieves a high Ar
at low D and maintains an acceptable Ar when D increases
compared to AS+Max.

6 PRACTICAL IMPLEMENTATION

Three practical PBS systems are implemented to verify the
feasibility of the proposed approach. The first implementa-
tion is to demonstrate the horizontal setting of a beacon-
based PBS system. Note that we did not specify the applica-
tion purposes but instead implemented a generic system for
practical testing in a real testbed. The above setting can be
used in many use cases such as student seating, interactive
cinema, autonomous restaurant service, etc. The second
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Fig. 8. The experimental testbeds in (a) horizontal setting, and (b) vertical setting.

implementation is set up on the lockers to demonstrate the
vertical setting of a beacon-based PBS system. This vertical
setting can be applied to various PBS-related use cases such
as logistic management, interactive shopping, autonomous
library service, etc. The third implementation demonstrates
the combination setting of vertical and horizontal align-
ment.

An Android smartphone, Asus Zenfone 2 Deluxe
ZE551ML, was programmed with the three approaches (i.e.,
FS+Max, AS+Max and AS+sDE) to experiment with both
PBS implementations mentioned above. The Apps were
written in C#, using Xamarin IDE4. In total 9 beacons were
used for the first experiment, 45 beacons for the second
experiment and 7 beacons for the third experiment. All
beacons were built with CC2541 BLE chips from Texas
Instrument and powered by CR2450 3V lithium coin cell
batteries. The transmit power is configured to 0 dBm and
operate in the 2.4GHz ISM band. The next subsection
describes the setting of these three experimental testbeds,
and follows with a discussion on the experimental results.

6.1 Experimental Testbed

The first testbed was set up in a classroom where a total
of 9 beacons were associated with 9 tables, i.e., each table
represents a PoI. As illustrated in Fig. 8(a), the total area
that covers these 9 PoI is 3.6m × 1.5m = 5.4m2. In other
words, the maximum deployment density is approximately
1.67 beacons/m2. This is an acceptable density as accord-
ing to the simulation results obtained in Fig. 7 in which
the three approaches are expected to achieve at least 90%
detection accuracy.To verify the results obtained from the
simulation, we first experimented on the testbed with only

4. ”Deliver native Android, iOS, and Windows apps, using existing
skills, teams, and code.”, ”https://www.xamarin.com/platform”

one beacon working in the whole 5.4m2 area, and slowly
increased the number of beacons until all the 9 designated
PoIs were associated with a beacon. The experimental re-
sults collected from this testbed were analyzed and are
presented in the next subsection.

As illustrated in Fig. 8(b), the second testbed demon-
strates the vertical setting of a PBS system. In total, 45
beacons were associated with 45 lockers which cover a
total area of 5.25m × 1.95m = 10.2375m2. The maximum
density for this testbed is approximately 4.4 beacons/m2.
Again, referring back to the simulation results shown in
Fig. 7, a detection accuracy of more than or equal to 0.8
is expected for all the three approaches.

Fig. 9 depicts the experimental setup for the third im-
plementation – a relaxation zone. This implementation is
to demonstrate the combination setting of horizontal and
vertical alignment. A total of 7 beacons were associated with
7 different objects/locations enclosed by a 1.5m × 2.1m ×
2.4m space, as illustrated in Fig. 9. The maximum density
is approximately 0.9259 beacons/m3, which is equivalent
to 2.22 beacons/m2 if all the PoIs are projected onto the
x − z plane, 1.39 beacons/m2 onto the x − y plane, or
1.94 beacons/m2 onto the y − z plane. If a worst case is
assumed, then, according to Fig. 7, the expected detection
accuracy should be at least 0.85 and above. Similarly, the
same experimental steps were repeated and the results are
discussed in the next subsection.

6.2 Results and Discussion

The results obtained from all three experimental testbeds
are plotted in Fig. 10: (a) indicates the results from the
classroom, (b) the locker and (c) the relaxation zone. The
results show that the AD for both AS+Max and AS+sDE are
above 0.8 when D ≤ 1 beacons/m2 for all the implementa-
tions, which is slightly lower than the AD obtained from the
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Fig. 9. An experimental testbed with 7 PoIs in a combination of horizontal and vertical setting.

(a)                                                                                                             (b)          (c)

Fig. 10. The detection performance of the three approaches for: (a) the classroom (9 PoIs in a horizontal setting), (b) the locker (45 PoIs in a vertical
setting) and (c) the relaxation zone (7 PoIs in a mixed setting).
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simulation. However, for FS+Max with Ts = 1 s, AD further
drops to below 0.8. As for AS+sDE, its detection perfor-
mance is comparatively more stable, with an average AD
greater than 0.9. Moreover, AS+sDE outperforms the other
approaches when D ≥ 1 beacons/m2. AS+sDE also shows
a superior performance in the third implementation when a
combination of horizontal and vertical setting is considered.
The accuracy rate achieved by AS+sDE is always higher
than both AS+Max and FS+Max. This means that AS+sDE
is not only able to produce high detection accuracy, but
the total time it took to return an accurate detection is also
fast. This verifies the superiority of AS+sDE in executing
signal processing and decision making in parallel with the
adaptive scanning.

From these three practical implementations, AS+sDE
further proves its superiority with an average performance
gain of 15%. Note that the results obtained from the prac-
tical implementations are slightly less than the simulation
results (e.g., the simulation results show that AD should
be more than 0.9 when D < 2 beacons/m2, but the AD
for the practical implementations drop to around 0.8 at the
similar density). One possible reason for such a performance
degradation is the non-isometric signal coverage of each
deployed beacon. Even though beacon signals are assumed
to be isometric, such an ideal condition might be forfeited
due to the antenna orientation of the deployed beacons,
and the presence of obstacles. Additionally, the unexpected
environmental noise such as the passing by of nearby people
during the experiments causes further signal variation. In
particular, the human body is a good absorber of the sig-
nals; hence, signal loss rate increases with passers-by and
eventually affects the detection performance.

7 CONCLUSION

This paper proposes a high resolution beacon-based prox-
imity detection using an adaptive scanning mechanism fu-
sion with a spontaneous Differential Evolution (AS+sDE) to
deliver the proximity-based services (PBSs) in the vicinity
with dense deployment. In general, a PBS system delivers
context-aware service to the users when they are in close
proximity to the Proximity of Interest (PoI). A sequential
proximity detection approach with a fixed scanning mech-
anism, undoubtedly, can return a high detection accuracy
when the RN is in the vicinity with sparse deployment.
However, a beacon-based PBS system might consist of mul-
tiple PoIs with multiple beacons associated with them. Such
a scenario complicates the proximity detection and might
lead to severe performance degradation if the RN fails to
distinguish the signals of the target PoI from the rest of the
adjacent PoIs. To address this issue, as well as provide a
near real-time detection with high accuracy, this paper pro-
poses AS+sDE, which is able to adapt its scanning duration
conditioned on the deployment density, and at the same
time execute the signal processing and make a spontaneous
detection in parallel with the scanning. Both simulations
and real-world implementations prove the feasibility of the
proposed AS+sDE. In addition, AS+sDE outperforms the
other approaches with a high detection performance, i.e.,
more than 90% accuracy for a beacon-based PBS system
with a density of < 5 beacons/m2.
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