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Abstract
Location-awareness has attracted attention over the past decades because of growing commercial interest in
indoor location-based service. The k-nearest neighbor (kNN)-based positioning methods perform poorly in
complex indoor environments due to ambiguity in the received signal strength indicator (RSSI). We propose a
pragmatic real-time positioning framework, the Community-Optimized Measuring of Positions Associated
with Sensing Signals (COMPASS), to improve positioning accuracy. This paper presents a framework to
increase the probability of selecting the optimal neighbors. Our framework is implemented through an active
RFID network. First, a Kalman filter (KF) is used to filter fluctuations in raw RSSIs. Second, instead of using
individual tags to calculate positions, COMPASS divides the sensing area into a number of regions called
“communities.” Third, a community is elected from the community chain of signal strength disparity that has
the highest probability of enclosing the tracking point. Experimental results show that, compared to traditional
kNN, KF-COMPASS had a 67.2% increased probability to select correct neighbors. In addition, the mean
absolute error and root mean square error are 105 cm and 120 cm, which are comparable to recent studies.
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1. Introduction
The Internet of Things (IoT) generated many interests in smart living over the past few decades. It
refers to uniquely identifying objects (things) and delivering their information to an Internet-like
structure. One of its many interesting applications is the location-based service (LBS), such as the global
navigation satellite system (GNSS), local positioning system (LPS), and indoor positioning system (IPS).
Global positioning system (GPS) is perhaps the most renowned GNSS widely used for reliable
positioning, navigation, and timing. A key mechanism in GPS for localization is the use of time-of-arrival
(ToA) information and triangulation to calculate an object’s position. Although GPS offers nearworldwide coverage, its performance degrades sharply indoors and in high-rise urban areas. Accordingly,
technologies such as radio frequency identification (RFID), Bluetooth, and Wi-Fi are more favorable
surrogates for accurate localization of objects within buildings [1–3]. Among them, RFID is also
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considered as a prerequisite for IoT, such as identification, object-oriented tags, cooperation with other
sensors and fundamental network communication [4–6]. In reality, RFIDs have been developed for a
wide variety of applications including supply chain management, healthcare equipment management,
theft and counterfeit prevention, asset and inventory tracking [7], etc. In particular, it has wide
applications in indoor tracking of care-needed people, such as children, elderlies, and patients in the
blooming long-term healthcare market [8, 9].
As far as the localization strategies are concerned, the perceived signal of a radio transmitting system
can be categorized into the following techniques [10]: ToA, angle-of-arrival (AoA), phase difference-ofarrival (PDoA), and received signal strength indicator (RSSI). ToA is known for having a small location
error, but it requires extremely accurate time synchronization and high-cost hardware. Instead, time
difference-of-arrival (TDoA) can largely improve the source-to-receiver synchronization problem by a
set of hyperboloids between the source and two receivers. Alternatively, AoA requires fewer
measurement units to implement; but it is vulnerable to the multipath or reflection effects. Thirdly, the
PDoA not only delivers high accuracy but also detects small movement of an object, however, the
multipath effect would cause tricky phase distortion. The RSSI-based technique often is limited by the
fact that the realistic properties of RSSI are unsteady and vulnerable. Even so, it is highly promising and
is the most commonly applied practice for location tracking because of its advantages in ubiquity, lowcomplexity, and easy measurement.
In RSSI-based framework, several empirical and theoretical models have been proposed for
localization purposes. SpotON [11], one of the pioneering location sensing systems, principally utilized
a trilateration technique according to a simple RSSI-distance relation. Later new models/algorithms were
proposed to enhance its performance. Yang and Liu [12] determines an optional trilateration with the
highest quality from accessible beacon nodes. Thaljaoui et al. [13] made use of the estimated distance to
draw rings instead of circles around beacons to diminish the conventional problem of a noisy intersection
or no intersection while trilateration. Khanh et al. [14] implemented the trilateration on Wi-Fi architecture
and composed a cloudlet-based navigation. These model-based methods have convenience, fewer
landmarks, and low complexity properties, but they require an accurate signal propagation model.
To improve the accuracy of position estimation, some researchers proposed the use of reference points
(RPs) with known and fixed locations to characterize the sensing environment. The pattern is known as
scene analysis, which refers to collecting environmental concerning features as a fingerprint by
comparing online clusters with the nearest a priori feature of the dataset. The k-nearest neighbor (kNN)
algorithm is one typical representative therein [1], but traditional kNN often misjudge the nearest
neighbors due to the ambiguity of the RSSIs. Therefore, Han and Cho [15] reinforced kNN by choosing
the best estimation error as the output from adaptive kNNs. Li et al. [16] strengthened the qualification
on the selection of k candidates through building an RSS-level scaling weight on the assessment of
Euclidean distance. Xu et al. [17] established kNN with a combination of Bayesian probability based on
passive ultra-high frequency (UHF) RFID. The method applied a Gaussian filter to reduce the influence
of RSSI fluctuation and introduced Bayesian estimation into the derivation of a target’s location. Lately,
Afuosi and Zoghi [18] proposed a Wi-Fi positioning algorithm by the fingerprint clustering and a
weighted differential coordinate information (WDCI-kNN). The scheme used the average of positioning
error of online layer to calibrate weighted-kNN method. In General, kNN-based studies were dedicated
to reforming the selecting mechanism of k neighbors and decreasing the effect of RSSI variation, it
remains a challenge to choose the “correct” reference points to minimize interpolation errors.
Machine learning is another emerging solver in the positioning field that intends to learn fingerprint
features and then classify [19], such as statistical learning [20–22] and artificial neural network (ANN)
[23–25]. Lee et al. [22] combined a smart watch with Wi-Fi fingerprint based on random forest learning
model. Hoang et al. [25] developed an indoor localization system through long short-term memory of
recurrent neural network. Riady and Kusuma [26] used the hybrid method of ANN-based fingerprint and
pedestrian dead reckoning to provide indoor positioning by the Bluetooth low energy (BLE) technology.
On the whole, machine learning provides a fairly high level of accuracy due to a posteriori data mining
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of targeted environments. However, it has a high calibration cost that requires large dataset samples to
achieve the intended generalization. Moreover, the static database is usually vulnerable to environmental
dynamics rendering it costly to reconstruct the offline survey and largely increases maintenance costs
and efforts.
In this paper, we propose an alternative approach in an attempt to improve indoor localization accuracy
using active RFID, which we name COMPASS (Community-Optimized Measuring of Positions
Associated with Sensing Signals). To prove our work, we established an active RFID network to perceive
an experimental environment. The identified information can be collected by readers and transmitted to
the processing server, where RSSI is first denoised by a Kalman filter (KF). The filtering process
alleviates RSSI fluctuation. Subsequently, a community chain of reference tags will be introduced to
determine the optimal community that has the highest likelihood to encompass the tracking tag. The
process reasonably utilizes fingerprinting RSSI of spatial correlation to reduce the influence of RSSI
ambiguity, which raises the probability to select the correct region. Moreover, community dimension is
a time-varying variable that scales in response to the noise level of the measured RSSIs. These processes
ensure that COMPASS will produce better positioning accuracy for indoor location-based services. In
practice, the contributions of our proposed framework include the following:
⚫
COMPASS is ready for deployment and compatible with fingerprint-based wireless positioning
systems because the concept is easy to integrate and fuse.
⚫
We propose a fingerprint of spatial correlation, i.e., the community chain. It is able to determine
the optimal target’s neighbors.
⚫
The proposed COMPASS framework is an arbitrary community, say rank 2 or rank 3, independent
of different noise levels.
⚫
COMPASS has higher accuracy than traditional kNN. The estimated locations have better steadiness.
⚫
Our proposals were tested in a real environment as shown in Section 4.
The remainder of this paper is organized as follows. In Section 2, we give a review of related work. In
Section 3, we describe the proposed methodology including network system architecture, data
processing, spatial communities and location estimation. In Section 4, we present the simulation and
experimental results and validate our theoretical model for locating objects. In Section 5, we discuss the
comparisons between the proposed method and other approaches. Finally, in Section 6, we draw
conclusions and summarize the contribution of the present work.

2. Related Work
In this section, we describe literature related to our work. In light of RSSI characteristics, we explain
the background, influencing factors and filtering methods towards RSSI. Subsequently, we reference
several previous kNN-based positioning methodologies.

2.1 RSSI Characteristics
Considering the shadow fading inside a building or densely populated areas, an empirical model has
been recognized and extensively used to address the wireless propagation loss: the so-called log-distance
model [27]. In the model, the received signal strength is defined as

PL(d )[dB] = PL(d0 ) + 10 log10 (

d
) + X ,
d0

(1)

where the power PL(∙) is given in logarithmic scale over the significant distances d, PL(d0 ) is the power
measurement at a reference distance d0 by defining 1 m away from a receiver. Xσ ~ N(0,σ2 ) is hypothesized
as zero-mean Gaussian distributed random variable with the variance σ2 dB which is created by the effect
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of shadow fading. Here the path loss exponent (PLE) η depends on a specific propagation environment
that can be fitted over the received dataset at a wide range of measurement locations.
In fact, the RSSI corresponding to the sensing distance is often not a monotonous logarithmic curve in
spite of showing a declining tendency. The appearance is usually caused by various factors, such as
multipath, obstacles, tag orientation or moving objects among the receiver and the transmitter. In order
to lessen the fluctuation of RSSI, some researchers proposed the denoising process using KF or enhanced
KF. Mackey et al. [28] compared several smoothing filters and concluded that KFs offered significant
localization improvement over raw RSSIs and a simple moving filter. Huang et al. [29] removed the RSSI
drift using KF and supplied these steady signals into Heron-Bilateration location estimation. However,
RSSI variations do not usually appear as a Gaussian distribution, which may impact the efficacy of
applied KF. In view of this condition, Li et al. [23] proposed an RSSI correction method to obtain accurate
RSSIs. The method aims to eliminate the unsteadiness caused by the transmitter’s emission power, and
can be calibrated to an accurate RSSI distance model, denoted as Equation (2).

PL(d ) = PL(d ) − PL(d0 )
d
= − 101og10 ( ) + PL(d0 ),
d0

(2)

̃ (d) is the adjusted RSSI at a moving distance d , PL(d) is the online coming RSSI, and
where PL
̅̅̅̅(d0 ) which PL(d0 ) and PL
̅̅̅̅(d0 ) are the online RSSI and offline averaged RSSI at a
∆PL(d0 )=PL(d0 )-PL
defined reference distance d0 .

2.2 kNN-based Approaches
One popular kNN-based approach is the LANDMARC [30], which used a set of reference tags as
landmarks to calculate the object’s location. The landmarks essentially can be integrated as a featured
fingerprint that carries unique IDs, known locations, and the RSSI dataset. The RSSI dataset between the
reference tags and the unknown positioning targets can be matched by the Euclidean distance,
N

El =

 (t

n

− rl ,n ) 2 , l = 1,2,..., L

(3)

n =1

where tn is the nth reader’s RSSI acquired at the target points, and rl,n is the RSSI of the same reader at
an lth reference point in the fingerprint. N and L are the total number of readers and reference points
deployed in the environment.
According to Equation (3), a number of k values are selected and recognized as the k nearest reference
tags to the target. The target’s location (x,y) can therefore be deduced by the weighted Euclidean distance
(Euclidean-kNN),
k

( x, y ) =

 ( x , y ),
i

i

i

(4)

i =1

where (xi,yi) is the known coordinate of the ith neighboring reference tag. The factor wi denotes that a
smaller signal strength difference of the ith candidate in Equation (4) will have a larger weight in location
calculation.
The shortage with this approach is that undesired candidates may be subsumed due to the ambiguity
of the RSSIs. Besides, the kNN-based approach necessarily considers the layout of tag-to-tag density or
the deployed distance among tags [31]. Subsequently, the NICoT approach [32] used virtual reference
points of the nonlinear interpolation and a credibility mechanism to elevate estimation accuracy. NICoT
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reached better location accuracy than previous methods using virtual tags, but it led to larger
computational load because more virtual reference tags were involved in the calculation.
On the other hand, feature matching is a considerable aspect of the improvement. Luo et al. [33]
designed human-centric collaborative feedback with the combination of Wi-Fi fingerprints. The
mechanism quickly self-corrected positioning likelihood by subsequent users’ positive/negative
responses. Wang et al. [34] proposed a signal weighted distance (SWED)-kNN approach according to
the nonlinear relationship between the RSSI and the physical distance in the propagation model.
Compared to Euclidean-kNN and Manhattan-kNN, SWED-kNN attained better accuracy in light of sight
environments. Xie et al. [35] proposed the improved Spearman distance to substitute for the traditional
Euclidean distance. Compared to the conventional kNN method, the results were greatly improved not
only in the aspect of the number of closest neighbors but also in the impact of shadowing effect. However,
the approach has a higher time complexity than Euclidean distance and Pearson correlation coefficient
[36]. Recently, Hunag et al. [37] adopted universal kriging algorithm to carry out fingerprint-based indoor
positioning on 5G networks. The algorithm mainly estimated the weight coefficient matrix of fingerprint
in the offline phase, and mapped to online kNN positioning afterwards. Wang and Park [38] presented a
Wi-Fi-based positioning method that combined physical layer channel state information (CSI) and RSSI.
The crucial step was to determine nearest RSSI, CSI amplitude and CSI phase between reference points
and a tracking point (TP).

3. Methodology
In this section, we first introduce our proposed RFID network positioning architecture. When the
required information was collected to the backend server, the sensing environment can be transformed
into a fingerprint structure that carries the information of deployed landmarks. And afterwards the RSSI
dataset in the fingerprint will be conducted through a series of processing procedures, i.e., pre-processing,
filtering, community checkpoint and weighted computation to estimate the TP location. The detailed
description of each measure follows below.

3.1 System Architecture
With the proof-of-concept of establishing a positioning preparation ahead of IoT infrastructure, we
conceive a pragmatic wireless communication framework based on active RFID. This platform integrates
a physical RFID network for a variety of uses, mobilizes information from RFID devices, and addresses
challenging problems on indoor object positioning. The system architecture is depicted in Fig. 1. It
consists of the RFID devices, tagged objects, a wireless network, a location database, a processing server,
and available enterprise applications.
⚫
RFID devices: The operating frequency is 433 MHz, which is governed by the ISO 18000-7 and
within the UHF spectrum of the industrial, scientific and medical (ISM) radio bands. In our
experimental design, all readers and reference tags are fixed with known coordinates.
⚫
Tagged objects: RFID tags are affixed to the objects to be tracked. They are considered to be a
single component in the RFID system.
⚫
Wireless network: To enable the wireless interconnection between readers in the RFID subsystem
and the server, a wireless distribution system (WDS) is deployed. WDS allows the wireless network
to be expanded using multiple access points connected to the readers under the IEEE 802.11
protocol without the need for a wired backbone.
⚫
Location database: To simplify the development and automate deployment of our RFID system, a
database is used to maintain the readers’/reference tags’ positions and fingerprint information for
real-time computing of the locations of the tracking objects.
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Processing server: The server is responsible for computing the tagged object’s position based on
the data collected from the readers. With a robust positioning algorithm described in the rest of this
section, the COMPASS is able to fulfill subsequent applications in a variety of fields.
Enterprise applications: Major applications include supply chain management, asset management,
animal tracking, logistics tracking, care-needed people tracking, and contact tracing of coronavirus
disease 2019 (COVID-19) [39], etc.

Fig. 1. A set of 433 MHz radio frequency identification tags and readers are used to
setup our wireless communication framework. With a location database and processing algorithms,
the system is able to perform real-time object tracking for various enterprise applications.

3.2 Localization Algorithm
In the deployment of our RFID indoor localization system, there are L = (I×J) RPs uniformly
distributed in the sensing area as illustrated in Fig. 2. The objective is to calculate the positions of the
TPs by the aid of RPs placed at known and fixed locations. In the time domain, we define the time series
tτ that τ stands for the current time point. Therefore, the signal strength vector r⃑l at the tτ for the lth RP of
a position (i,j) give r⃑l (tτ ) = {φ1 (tτ ),φ2 (tτ ),…,φN (tτ )}, where φn is the raw RSSI perceived by the nth reader,
n ∈ [1,N] with N the number of readers. Meanwhile, the RSSI vector for the oth TP is defined as
r⃑o (tτ ) = {ψ1 (tτ ),ψ2 (tτ ),…,ψN (tτ )}, where O is the number of tracking targets. Moreover, as far as the
reference distance is concerned, we arranged N tags and each tag placed one meter apart from the N
readers. Accordingly, the perceived RSSI vector of the reference distance at tτ can be recorded as
δ⃑ (tτ ) = {δ1 (tτ ),δ2 (tτ ), … ,δN (tτ )}.
After building the reference topography, the distributed features of the entire sensing area in a
fingerprint form becomes
 f J ,1 (t )

F =
 f1,1 (t )


f I , J (t ) 

,
f I ,1 (t ) 

(5)

where F retains the structure f(∙) of each RP contained the time-varying recordings of (ID, d⃑⃑l , r⃑l , r̂⃑l ). ID
is the unique number with regard to the lth RP, d⃑⃑l is the constant distance vector as d⃑⃑l = {d1 ,d2 ,…,dN }
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based on the physical distances of the lth RP to the numbered readers [1,N], and r⃑̂ l (∙) is the vector of the
modelized RSSIs.

Fig. 2. Illustration of the concept of a community in the proposed COMPASS algorithm. There are
a total of I×J reference tags uniformly deployed in a sensing area. Each community is composed of
m×m reference tags, 2×2 in this example, and the one that has the highest probability to
encompass the tracking tag is used for the subsequent position calculation.

3.3 Pre-processing of RSSI
In order to adapt to environment dynamics, the proposed system conducts adaptive PL modeling on
the fingerprint F in real-time rather than the offline mode. By this way, the adaptive model at tτ is
dependent on a dataset of prior experiences which is constrained within
 t1, t2 ,..., t
T =
t − S +1, t − S + 2 ,..., t

, if   S
,
, if   S

(6)

where Τ is the time interval that allows access to the corresponding range of records, also, its maximum
interval queue is equal to the sliding size S. Hence, the averaged RSSI vector at a reference distance
within Τ becomes δ̅⃑(tτ ) = {δ̅1 ,δ̅2 ,…,δ̅N }, and each measured RSSI in r⃑l (Τ) and r⃑o (Τ) is calibrated by

rl (T ) = rl (T ) −  (T )
ro (T ) = ro (T ) −  (T ),

(7)

where r̃⃑l (T) and r̃⃑o (T) are the vectors of the calibrated RSSI for the lth RP and the oth TP, and ∆δ⃑ can be
calculated by ∆δ⃑ (T) = δ⃑ (T)-δ̅⃑(t ). Accordingly, the averaged RSSI of the calibrated vector for the RPs and
τ

TPs are denoted as r̅⃑l (tτ ) and r̅⃑o (tτ ), respectively.
In Equation (1), PL(d) is proportional to a logarithmic function of a distance d, Xσ has a mean 0, and
the PLE η is assumed to be an identical environment parameter due to large-scale fading. For these
reasons, let

B = uA + v

(8)

be the linear equation system to describe the empirical PL model on F, where Β denotes a dataset of r̅⃑l (tτ ),
Α signifies a set of logarithmic function of d⃑⃑l , u is the scaling value η, and v is the overall intercept δ. To
help computation, vectors B and A are cascaded to a length of N×L, so the series of Equation (8) becomes
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 1 − ( u  log10 ( d1 ) + v ) = h1

 2 − ( u  log10 (d 2 ) + v ) = h2


 NL − ( u  log10 ( d LN ) + v ) = hNL .


(9)

In order to minimize the residual error hnl between the predicted values and measurements, here we
apply the least square method (LSM) to solve the unknown eigenvector of b = [u v] by
N L

H (u , v) =



1
2
(  − (u nl + v) ) ,
( N  L) nl =1 nl

(10)

where βnl =φ̅ nl , αnl =𝑑nl , nl ∈ [1,NL], and H is the root mean square error (RMSE) function as well as the
signification of environmental shadowing effect. To optimize u and v, all the partial derivatives of the
H(u,v) function must equal to zero that yields N×L equations as ∂H⁄∂u = 0 and ∂H⁄∂v = 0 . Thus,
Equation (9) can be put in a matrix form by
 1   1

 
 2  =   2

 

 
  nl   nl

1

1 u 

,
  v 

1

(11)

-1

which the desired eigenvector is calculated by b = (ΑT A) AT Β. Accordingly, the adaptive PL model at tτ
can be modelized to

rˆl (t ) = u log10 (dl ) +  (t )
= ˆ1(t ),ˆ2 (t ),...,ˆN (t ) ,





(12)

where r̂⃑l (tτ ) is the modelized vector of the lth RP and φ̂ n denotes the modelized RSSI. In the aspect of the
TP, the estimated distance vector d⃑⃑o can be inferred as

do (t ) = 10

v(t )−ro (t )
u
,

(13)

therefore, the modelized RSSI vector of the TPs r̂⃑o at tτ can be obtained by

( ) +  (t )

rˆo (t ) = u log10 do
=

ˆ1(t ),ˆ 2 (t ),...,ˆ N (t ).

(14)

3.4 The Intervention of Kalman Filter
In reality, the measured RSSIs are usually influenced by power variation and some environmental
interference. KF is one effective algorithm that makes estimates of some unobserved variables based on
noisy measurements. Therefore, consider a discrete-time system of the state equation with unobserved xτ
at time instant τ, it can be represented as
x = x − 1 + w − 1,

(15)
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where xτ is the modelized RSSI value φ̂ n (tτ ) of the lth RP or ψ
̂n (tτ ) of the oth TP, and the process noise
covariance matrix is given as Qτ = E[wτ wTτ ]. The observation equation can be expressed as

z = x + v ,

(16)

where zτ is the measured RSSI value φn (tτ ) of the lth RP or ψn (tτ ) of the oth TP, and the observation noise
covariance matrix is Rτ =E[vτ vTτ ].
The estimation status is comprised of two significant phases, the predicted procedure, and the update
procedure. The predict (a priori) procedure is modeled as,

x | −1 = x −1| −1
P | −1 = P −1| −1 + Q ,

(17)

and the update (a posteriori) procedure is modeled as,

K = P | −1 ( P | −1 + R )−1
x | = x | −1 + K ( z − x | −1 )
P | = P | −1 (1 − K ),

(18)

where x̂τ|τ-1 is the predicted state estimation, Pτ|τ-1 is the predicted error covariance, Kτ stands for the optimal
Kalman gain, x̂ τ|τ represents the optimal state estimation, and Pτ|τ means the updated estimation covariance.
Consequently, the RSSI vectors of Kalman filtering for RPs and TPs can be reformed to
⃑⃑⃑l (tτ ) = {Φ1 (tτ ),Φ2 (tτ ),…,ΦN (tτ )} and R
⃑⃑⃑o (tτ ) = {Ψ1 (tτ ),Ψ2 (tτ ),…,ΨN (tτ )}, respectively. The intention is to
R
reduce the fluctuation of RSSI in F by underlying the time-varying adjustment

3.5 Community Chain
⃑⃑⃑l and R
⃑⃑⃑o is carried out. The matching method
Once the RSSIs are sorted out, the comparison between R
we delegate to the Euclidean distance that has low time-complexity and better performance [36].
Accordingly, the matrix of signal strength disparity (SSD) is.

 e1,1

E =
e
 I ,1

e1, J 

.
eI , J 

(19)

In theory, the closer a RP is to the TP, the smaller e value would be. A simple and straightforward way
to compute the position of a TP is to search for the minimum e value in E, whose coordinate is assumed
to its nearest neighbor. Nevertheless, this pattern does not usually appear due to the ambiguity of the
RSSI. Accordingly, we construct the community chain to estimate the position of the tracking tags based
on the SSD matrix of E while simultaneously incorporating spatial correlation among the selected RPs.
Conceptually, as illustrated in Fig. 2, a community consists of a number of adjoining reference tags, say
2×2. The signal strength difference for an arbitrary m×m community is defined as

cim, j =

m −1 m −1

ei + x, j + y ,

x =0 y =0

(20)

where m is the rank of the community or the size of the community. And the corresponding matrix cm of
SSD for the overall sensing area is expressed as
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 cm
 1,1
cm = 
 m
 cI − m +1,1




.

m
cI − m +1, J − m +1 
c1,mJ − m +1

(21)

Then we introduce a mode for community determination, a hard thresholding. The rank m is flexible,
that is, the specific rank can be determined within the range of λLo ≤ H <λHi , where λLo and λHi stand for
empirical thresholds. In this way, the community can adaptively modulate its rank to raise the probability
of enclosing targets in the high interference condition. Therefore, assume a TP is located in the
community-m with the minimum value of c in C according to Equation (21). Once the candidate
community with rank m is determined, the coordinate (x,y) of the TP is computed using
m2

( x, y) =

 w ( x , y ),
k

k

k

(22)

k =1

where (xk,yk) is the coordinate of the kth RP in the community-m and wk is the weight to the corresponding
tag, which is empirically defined as

1
wk = 2
ek

m2

e .
1

2
k =1 k

(23)

Moreover, we have considered the case with, ek = 0, which has the greatest weight; and others are set
to the smallest weight. Doing this ensures that not only the reference tag with the minimum value of e
has the greatest weight, but also the estimated coordinate is located within the community-m.

3.6 Positioning Algorithm
In this part, we formalize our positioning algorithm that is designed to dynamically accommodate
indoor environments for accurate position finding. It comprises six major steps as depicted in Fig. 3.
⚫
Fingerprint: This is the process to feature a sensing environment by the proposed active RFID
network. The fingerprinting information include the tag’s ID, real coordinates of RP, and
corresponding perceived RSSI.
⚫
RSSI processing: To alleviate the fluctuation and the ambiguity of RSSI, we introduce a series of
processes involving the calibration of RSSI and the noise-canceling of KF.
⚫
SSD computation: Once the object is targeted, the system computes the SSD matrix of Equation
(19) according to the matching of Euclidean distance.
⚫
Rank decision: To figure out the optimal community in terms of rank m, an empirical mechanism
is applied according to the RSSI variance of the path loss model.
⚫
Community inspection: After the rank of the community is determined, the community-based SSD
matrix is computed using Equation (21). An inspection is then performed to acquire the target
community with the smallest cost.
⚫
Position calculation: Within the enclosing community, the position of the object is calculated by
interpolating the surrounding RPs based on Equation (22).
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Fig. 3. The diagram of the COMPASS positioning algorithm.

4. Experimental Results
To thoroughly evaluate our wireless network system for positioning applications, we conducted a series
of experiments with simulations and real implementations. Fig. 3 shows the deployment of the scene
analysis in a common lab with bookcases, computers and various instruments and working people, where
all readers and tags were placed on the lab tables 1.5 m above the ground. There were five TPs randomly
distributed amongst an area consisted of L = 5×5 RPs. The separation between each pair of RPs was 1 m
[31]. Four readers were used in the experiment. They are placed one meter away from the RPs at positions
(1,1), (1,J), (I,1) and (I,J).
To quantitatively evaluate the location tracking accuracy, we compute the Euclidean distance between
the real and estimated coordinates of the tracking object (tag), i.e.,

 = ( x − xr )2 + ( y − yr )2 ,

(24)

where ε is the error of location estimation, (x,y) is the calculated coordinates from Equation (22), and
(xr,yr) denotes the TP’s true coordinates.
Mean absolute error (MAE) and RMSE are used to analyze the experiment statistics,
MAE =

RMSE =

1
n

n



,

(25)



(26)

j

j =1

1
n

n

2
j.

j =1

Fig. 4. A real setup of the reference tags, tracking tags, and RFID readers for
the indoor localization experiment.
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4.1 Simulation
We have conducted a series of simulations based on the environmental deployment of Fig. 4 to validate
our proposed positioning algorithm. At first, to realize the impact of maximum time slot T on the realtime PL model, we carried out different environmental conditions with PLE η from 1 to 6 and with an
embedded shadowing factor σ from 0 dB to 9 dB. Furthermore, the sliding size S was programmed from
1 to 80 samples with 1 unit increment, i.e., S =1,2,3,…,80 samples. Fig. 5 showed that the standard
deviation of H reached a stable value after S = 20 for every choice σ. We thus chose the slot time S = 20
in our proposed system.
As a result of fixing T, we verified the changeover timing of the flexible community rank m. The
simulated fingerprint F was generated from the practical PL model with embedded σ from 0 dB to 9 dB.
Because H is highly associated with the shadowing factor, we do not emphasize on different PLEs. Fig.
6(a) shows the positioning mean error of various community ranks with respect to different mean H
values. Fig. 6(a) and 6(b) reveal that community-2 has a better accuracy if the estimated H is less than
λLo = 5.5 dB or H ≤ λLo , whereas community-3 should be chosen if the estimated H is between λLo = 5.5
to λHi = 8 dB or λLo < H ≤ λHi , and community-4 will outperform the other two choices if H is larger than
λHi = 8 dB or λ > λHi .

Fig. 5. Comparison of different sliding size S with varying environmental conditions, including
PLE and shadow fading factors. The standard deviation of H reached a stable value after
S = 20 for every choice σ.

(a)

(b)
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Fig. 6. Determination of an optimal community rank. (a) Positioning mean error of
various community rank with respect to different PL RMSE values, H. (b) The depiction of
an optimal rank decision, where the red, blue and purple are the ranges of H that gave
better positioning accuracy with the corresponding community ranks.

4.2 On-Site Experiments
Fig. 7 shows two circumstances of the environmental dynamics that were recorded from on-site. As
illustration, Case 1 and Case 2 show the quantified variance from Equation (10) during a period of time,
respectively.

Fig. 7. An illustration of the shadowing effects for different H values.
(a) Case 1, H values were below 5.5 dB. (b) Case 2, H values were above 5.5 dB.
To carry out the critical changeover timing on our active RFID system, Fig. 8 elucidates the MAE as
a performance index of different community ranks. It can be seen that community-2 indeed offers better
accuracy when the H values were below 5.5 dB (Case 1). On the other hand, community-3 outperforms
community-2 as the H values increased above 5.5 dB (Case 2). The proposed COMPASS (adaptive
community) will automatically choose an optimal community rank that produces a minimal positioning
error, i.e., it will select rank 2 for H ≤ λLo and rank 3 for λLo < H ≤ λHi , where λLo , λHi can be determined
via the results shown in Fig. 6.

Fig. 8. MAE results for applying the changeover timing among different community ranks,
community-2, community-3, and adaptive community in realistic experiments. Note,
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adaptive community chose community-2 for H ≤ λLo (case 1), whereas it chose
community-3 for a higher H value above 5.5 dB (case 2).
Table 1 lists the positioning error statistics of the three approaches, WkNN, COMPASS, and KFCOMPASS. The 50% error refers to the average error in the prior 50% of ascending order positioning
data, with the same explanation for the 75% error. MAE is to evaluate the whole positioning accuracy,
and RMSE implies the stability of estimated location of the TP. It can be seen that both COMPASS and
KF-COMPASS performed better than traditional WkNN in all categories. The percentage improvements
for COMPASS over WkNN were 35.3%, 35.8%, 31.0%, and 28.5%, and KF-COMPASS over WkNN
were 49.3%, 46.3%, 37.9%, and 33.9%, respectively. Also, CCA stands for the computational complexity
average, which assesses positioning efficiency according to our scenario. The time complexity of
COMPASS and traditional WkNN algorithms belong to O(n2); its positioning time depends on the
number of landmarks in the fingerprints, such as density layout. The results showed the COMPASS and
KF-COMPASS took 2.7 and 13.5 ms, compared to 2.1 ms of traditional WkNN. Despite an increased
computation time, our proposed methodology was still able to perform real-time tracking of multiple
objects.
Table 1. Positioning error statistics
50% error (m)

75% error (m)

MAE (m)

RMSE (m)

CCA (ms)

WkNN

Method

1.071

1.405

1.687

1.822

2.1

COMPASS

0.693

0.902

1.164

1.302

2.7

KF-COMPASS

0.543

0.755

1.048

1.204

13.5

Moreover, we compared several recent studies in Table 2. Their positioning frameworks were based
on RSSI fingerprinting, which were briefly described in Sections 1 and 2. The network equipment used
5G, BLE and Wi-Fi technologies, respectively. The sensing environments were set within the line of
sight. Moreover, the deployed pattern of them all belonged to grid fingerprint and the RP distances were
similar to our work. Consequently, our proposed method is practical from the indices of MAE and CDF90
compared to them.
Table 2. Comparison to recent positioning studies based on RSSI fingerprinting
Study

Method

This paper

KF and COMPASS

Huang et al. [37]

KF and universal kriging algorithm

Ready and Kusuma

Fusion of fingerprint and

[36]

Equipment

RP distance (m)

MAE (m)

CDF90 (m)

RFID

1×1

1.048

2.041

5G

1×1

1.160

2.640

BLE

2×2

1.204

2.155

Wi-Fi

1×1

1.094

-

pedestrian dead reckoning

Wang and Park [38] Fingerprint using fine-grained
CSI and RSSI

The CDF90 is the estimated error at 90% of cumulative distribution function.

5. Discussion
Fig. 9 displays the calculated TP positions using WkNN and KF-COMPASS. In Fig. 9(a), the four
optimal RPs of red circles are defined as those tags that form the smallest rectangle enclosing the TP. It
can be seen from Fig. 9(b), denoted as 0% correctness. When none of the optimal RPs were correctly
chosen for the position calculation, the estimated TP positions of WkNN spread over a wide range, and
those not enclosed by the optimal RPs would render a large positioning error. Similar situations were
found for the 25% correctness and 50% correctness. On the other hand, for the COMPASS approach, the
probability of choosing the 0% or 25% optimal RPs were very small. There were about 50% each for
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correctly choosing 50% and 100% optimal RPs. This is the reason that positioning accuracies are higher
compared to the WkNN approach. Note, there was no 75% correctness in the community-2 case because
no three out of four RPs can be correctly chosen as shown in Fig. 9(e).
For the WkNN approach, more than two-thirds of the calculations were obtained in the 0% correctness
or 25% correctness situations, as shown in Fig. 9(b) and 9(c). And the estimated locations were randomly
distributed outside the four optimal RPs. On the other hand, for the KF-COMPASS approach, the odds for
correctly choosing the optimal RPs were much higher. About 26% of them occurred in 50% correctness
case and 67% happened in 100% correctness case as shown in Fig. 9(d) and 9(f). The estimated locations
were relatively stable due to the use of spatial communities instead of individual RP that only depended
on RSSI. The results can be found by comparing the MAE and RMSE errors in Table 1.

Fig. 9. Real TP positioning during a certain period of five-minute (300 samples) computed by
WkNN and the proposed approach. The colors of black, green, pink, and blue are denoted as
RP, TP, estimated locations by KF-COMPASS and WkNN, respectively.

Fig. 10. The probability for the optimal selection of surrounding RPs that closely encompass the TP.
0% correctness means none of the four selected RPs matched the intended optimal RPs, whereas
100% correctness means all of the four selected RPs were exactly the four optimal RPs,
i.e., the four tags that form a minimal rectangle enclosing the targeting tag.
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Fig. 10 shows the cumulative probabilities of choosing the optimal RPs when calculating the positions
of all TPs. As can be seen, for the traditional WkNN approach, it has a high 39.3% chance that none of
the four selected RPs were from the optimal RPs, i.e., 0% correctness. And the odds were 37.4% for 25%
correctness, 20.2% for 50% correctness and 3.1% for 75% correctness, respectively. Unexpectedly, the
correct selection of all four optimal RPs in the WkNN method did not happen. This may be related to the
RSSI ambiguity of the experimental environment. On the other hand, 0% correctness probability for
COMPASS was only 5.9%, 25% correctness was 3.3%, 50% correctness was 26%, and 100% correctness
was as high as 64.8%. Furthermore, the KF-COMPASS improved 0% correctness to 3.7%, 25%
correctness to 3.1%, 50% correctness to 26%, and 100% correctness was increased to 67.2%. As a result,
our methods promote the correctness of nearest RPs and reduce the influence of ambiguity due to
consideration of spatial correlation. Besides, the probability of correctness highly depends on the noise
level of the RSSI. As the noise level increases, the probability of correctness for the WkNN approach
decreases. Although this is also true for the COMPASS approach, this problem can be readily resolved
by choosing a larger community rank, e.g., community-3 versus community-2 to ensure that a higher
percentage of correctness can be maintained.

6. Conclusion
RFID wireless networks have gained a lot of attention for IoT applications. As many of them require
accurate positioning, we propose a pragmatic approach, the COMPASS, to improve positioning accuracy.
COMPASS divides the sensing area into a number of compact regions called “communities.” The optimal
rank of the community can be simply determined via RSSI variance of the adaptive PL model. The
intervention of KFs also played a significant part to curb RSSI’s instability, increasing accuracy by 9.3%.
Compared to the conventional kNN approach, our experimental results showed that the positioning error
using COMPASS (or KF-COMPASS) was about 31%–38% smaller. Furthermore, the statistics in 50%
error, 75% error and RMSE were improved by 35%–49%, 36%–46%, and 29%–34%, respectively. On
the other hand, we also compared our results to recent positioning studies, and signified that our proposed
positioning framework is comparatively practical. The feasibility is due to the promotion of reliability of
RSSI and selection of the correct neighborhood.
Because positioning accuracy depends on the severity of environmental influence, further
investigations in the large-scale conditions are needed. For example, in order to reduce complexity and
computation, a distributed computing approach may be used. The RFID sensor tag with detection of
motion and light signals can be used to quickly determine the “residing zone” of the tracking objects and
reference points. In addition, RFID magnetic sensors can be fused with our approach to maintain
positioning accuracy. In order to deal with larger amounts of data when the network grows increasingly
larger, hybrid ring-mesh protocols [40] present a solution to support reliable mesh networks in a largescale environment. By integrating with wearable sensors, such a framework can be well applied to
healthcare applications for accidental fall detection, physiological monitors, and care-needed services.
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