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Abstract—Localizing sensors based on Received Signal
Strength Indicator (RSSI) localization technique in wireless
sensor network can be treated as building a mapping between
signal and physical spaces, and the mapping is established from
a set of given paired signal strengths and physical location data
of known sensors. However, in some realistic scenarios, such a set
of completely-paired sensor data is not always accessible, which
brings a big challenge for localization of sensors. The localization
research in such a scenario is currently almost ignored. In this
paper, we develop a novel algorithm to tackle this problem
in localization with paired as well as many unpaired data by
adapting our previously-proposed Locality Correlation Analysis
model; the new algorithm is named as Partially Paired Locality
Correlation Analysis (PPLCA). Experimental results in both
outdoor and indoor environments do show the feasibility and
effectiveness of the proposed algorithm.
Index Terms—Wireless sensor network; sensor localization;
partially or incompletely paired data.

I. I NTRODUCTION

W

IRELESS Sensor Network (WSN) has attracted more
and more attentions in many fields such as military
affairs, aviation and navigation, urban traffic, and medical
treatment. The research of sensor localization technique, as
one of the fundamental technologies of WSN, is very important to the network activities. We can acquire sensor locations
through GPS devices or localization techniques; however,
deploying one GPS for each sensor is too expensive and
infeasible for a large-scale of wireless network [1]. Instead,
an economic and feasible approach is to deploy GPS just
for a small number of sensors (also called known sensors or
beacons) in the network, thus their locations can be relatively
easily gathered while the locations of the remaining sensors
are left unknown. Consequently, we have to invent some
localization techniques to estimate physical locations of these
unknown sensors, for performing some specific tasks through
the information gathered from the whole network.
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Localization techniques can be roughly divided into the
range-free and range-based ones in terms of whether the distance information is needed in localization process [2]. Typical
examples of range-free techniques include DV-Hop [3], MDSMAP [4] and Spotlight [5], while typical implementations
of range-based techniques include Received Signal Strength
Indication (RSSI) [6], Time Difference of Arrival (TDOA) [7],
and Angle of Arrival (AOA) [8]. Among them, RSSI attracts
much more attentions due to the fact that it does not need
any additional actuator infrastructure but just needs existing
communication parameters and downloadable wireless maps
for the position determination [9]. In this paper we follow this
line of research in developing a new localization algorithm.
However, the localization technique just based on RSSI
easily produces large predictive bias [10]. To narrow such
a deviation, a number of RSSI-based localization algorithms
have been invented, where utilizing machine learning technique to localization has attracted more and more attention
[11], [12], [13], [14], [15], [16]. One of the main insights of
these algorithms is that the relationship between the Received
Signal Strengths (RSSs) of sensors and their corresponding
physical positions can be learned in advance to construct a
mapping between the signal and physical spaces, and this
mapping is used as a prediction model to localize the unknown
sensors.
In practice, to establish such a model, most of the algorithms
mentioned above require the completely-paired data in the
form of (RSS, Position)s, where RSS denotes a signal strength
vector received by the sensor at Position. However such
a completely paired data can not always be satisfied in a
complex network, which oppositely is easy to incur unpaired
data, i.e., signal or position alone provided. At present, there
have been very few works [12], [17] published aiming to
solve the problem. LeMan in [12] utilizes the Semi-supervised
Manifold Regularization learning method [18] to deal with
the localization problem with absent physical locations. While
[17] adopts mainly the signal attenuation model to impute
or infer these missing parts based on MSE model; however,
they both need a precise measurement model, more parameters
selected and network constraints, which could probably yield a
big deviation in location prediction if the measurement model
is inappropriately defined.
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In this paper, our goal is to solve this problem by developing
a novel, more stable, robust and simpler algorithm called
Partially Paired Locality Correlation Analysis (PPLCA). It
uses a given set of paired and unpaired training data to
establish a mapping between the signal and physical spaces.
Our idea is inspired by our previous Locality Correlation
Analysis (LCA) [19]] and Semi-supervised Laplacian Regularization of Kernel Canonical Correlation Analysis (SemiLRKCCA) [20]. However, different from LCA, which can
be only applied with completely paired data, PPLCA is a
powerful extension which is able to cater for the scenario
with both completely- and incompletely- paired data. On the
other hand, compared with Semi-LRKCCA, which transplants
the idea of the Laplacian Regularization (LR) [18] into the
Kernel Canonical Correlation Analysis (KCCA) [21] and can
deal with such incompletely paired data, PPLCA embodies its
differences in the following aspects: (1) In way of utilizing
the local structure: almost all localization problems will be
formulated by mathematical linguistics finally, and how to
reflect the local topology in mappings/models is a key point.
Semi-LRKCCA simply embeds the local structures as an additional regularization terms into KCCA for a global mapping,
these structures appear just in the constraints but not the main
objective problem; by contrast, PPLCA embeds directly the
local structures into the CCA [22] and these structures appear
simultaneously in both the objective and constraints (refer to
Sections III and IV for description in details). (2) In mapping
(model) type: WSN environments always present nonlinear
and noisy patterns due to path loss, shadowing, etc. Thus,
a key point in modeling is how to take advantage of these
hidden nonlinearities to improve localization accuracy. SemiLRKCCA builds a global nonlinear mapping by borrowing the
kernel method [23]; while PPLCA builds a linear mapping,
and at the same time can implicitly reflect the nonlinear
correlations between the spaces by aggregating all the local
correlations from individual data points. (3) In the number
of parameters involved: Semi-LRKCCA involves about 13
parameters to be tuned totally during establishing the mapping
which costs much time and energy resources; while PPLCA
just involves the number of neighbors and thus greatly reduces
the time of building the mapping. Consequently, these differences lead to the differences in performances between SemiLRKCCA and PPLCA. Furthermore, as far as the effectiveness
in utilizing both local structure and computing resources
is considered, Semi-LRKCCA in WSN does not seem so
applicable, however, our PPLCA does not have such a trouble
and is more stable, more accurate and more practical.
The rest of this paper is organized as follows. Section II
describes application environment and localization problem. In
Section III, we give a brief review of related works. In Section
IV, we formulate our PPLCA and the localization algorithm.
Experimental results are shown in Section V. In Section VI,
we conclude the paper with a summary and an outlook to
future work.
II. A PPLICATION E NVIRONMENT AND L OCALIZATION
P ROBLEM
Generally, each pair data (𝑅𝑆𝑆𝑖 , 𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖 ) comes from
the 𝑖𝑡ℎ known sensor and we can utilize the paired data

collected from all known sensors to build a localization model,
if one of 𝑅𝑆𝑆𝑖 and 𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖 is unavailable or missing,
this set of data is called unpaired data. Such unpaired data
possibly occurs in some cases such as (1) Many known sensors
fail to or uneasily collect their position information, e.g. 1)
a small number of GPSs; 2) some environments in which
GPSs cannot receive signal; 3) difficulties in collecting some
location data by equipments or manual measurements. And
in this scenario, these known sensors are hardly identified
from unknown sensors, and as a result, their available data are
only signal data. (2) In a bad weather or harsh network, for
example, in a raining day, the signal can only be transmitted
in a short distance (usually less than 1m according to our
measurement) and will become very weak beyond this range;
another example is in a harsh network of battlefield environment, some special distortion/isolation tricks or equipments set
by enemies, e.g. absorbing barrier and signal-shielding device
between the transmitter and the target, can isolate or change
the signal propagation and may weaken the signal strengths so
as to be unavailable, even to almost zero. In such a system, if
sensors are designed to send packets in a time-specific period,
the packets inevitably contain incomplete information as well.
Obviously, in these scenarios, just using those less paired
data is difficult to build an accurate localization model.
Though there are some other regular methods to solve these
problems respectively, such as checking up and redeploying
or replacing the sensors, our goal is just using a learning algorithm to work out these problems and localization simultaneously irrespective of those extra manual or electromechanical
operations. Therefore, in order to establish an effective model,
we jointly utilize paired and those additionally unpaired data
to achieve this goal, our PPLCA is specially proposed, and it
sufficiently uses inherent information contained in paired and
unpaired data, such as local network structure and neighboring
relationship.
The core procedure of our PPLCA employs the concept
of machine learning. The main insight of machine learningbased methods is to take advantage of the inherent information
from data (e.g. implicit local network structure, neighboring
relationship, nonlinear and noisy pattern, etc.), which can
(1) improve the localization performance and stability; (2)
make up the impact of environment conditions (temperature,
humidity, etc.) because the mapping can dig up and reflect
both topology structures and characteristics of WSN; (3) avoid
updating the mapping based on our method when the parameters and other settings of hardware devices are unchanged in
the same environment, even if some sensors’ positions vary,
because the mapping reflects the characteristics of the whole
network region. As long as sensors are deployed in this region,
where the mapping is applicable, the collected data will imply
these network characteristics.
In this paper, our PPLCA is inspired by our previous LCA,
which based on Canonical Correlation Analysis (CCA) [22].
In fact, given two sets of paired data, CCA is a classical
algorithm to reveal the hidden correlations between the two
datasets. This correlation between signal and physical spaces
in WSN is that: if two sensors are neighbors in physical
space, their corresponding RSSs are similar. And thus CCA
can be used to reveal this hidden correlation, which may be
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contaminated by nonlinear and noisy patterns due to some
environments, equipments, or/and human factors. However,
CCA only find the linear correlation, which makes it difficult
to satisfy the need of real environment. Thus, some researchers
resort to the kernel trick [23] in CCA (Kernel CCA/KCCA)
[21] to solve those nonlinear correlation problems in the
application to WSN localization [24]. But KCCA hardly
considers local structures of WSN, which is important for
accurate localization. In order to utilize the local topologies,
we have proposed LCA which is also based on CCA but can
characterize the nonlinear correlation between both spaces by
aggregating all the local information of the data. However,
CCA, LCA and KCCA can only handle the paired data
and thus cannot deal with the incompletely-paired data. To
solve this problem, Semi-LRKCCA in [20] was proposed and
applied it to image/text processing but was not quite suitable
to WSN, thus developing a novel localization algorithm for the
above-mentioned scenario is our desired goal in this paper.
In the system which we mentioned in our paper, it consists
of a base station and a set of sensors. The set includes
Access Points (APs) which are able to send signals and
the non-APs receiving signals. Generally, the propagationbased localization algorithms need to know all APs’ locations
for calculating the physical distances from the APs to any
other sensors by RSS measurement model. In the contrast,
learning-based algorithms (including ours) need neither the
locations nor calculation of these distances, which could
avoid more errors incurred by imprecise signal models and
inappropriate selection of model parameters. However, due
to the characteristic of learning-based algorithms themselves,
we need to have a set of training data to build a predictive
model. Therefore, the non-APs in this system can be both
(a few) sensors with known positions and (many) positionunknown sensors. Here, the number of APs, i.e. 𝑝 (normally
5-8 is enough), could be much less than the number of known
sensor. Thus, 𝑛 known sensors send 𝑛 paired packets totally to
the base station, and each one includes signal strength from
𝑝 APs (forming a 𝑝-dimension signal vector) and physical
position of the corresponding senor. No communication among
the sensors occurs. It is worth pointing out that, our PPLCA
can be applied not only in the above system, but also in other
cases, e.g., the system consisting of APs and unknown sensors,
in which APs are treated as known sensors, and the paired
data is formed as (RSS, Position)s, where RSS denotes signal
strengths from the AP at Position.
III. B RIEF R EVIEWS OF CCA, LCA, KCCA AND
SEMI-LRKCCA
Before the introduction of our algorithm, for completeness,
we will briefly review CCA, LCA and Semi-LRKCCA in the
next sub-sections.
A. CCA
Given 𝑛 pairs of data, 𝑋 = [𝑥1 , ⋅ ⋅ ⋅ , 𝑥𝑛 ] ∈ 𝑅𝑝×𝑛 and
𝑌 = [𝑦1 , ⋅ ⋅ ⋅ , 𝑦𝑛 ] ∈ 𝑅𝑞×𝑛 . For simplification, we usually
suppose∑
that 𝑋 and 𝑌 have been ∑
centralized, which means
𝑛
𝑛
𝑥 = 𝑛1 𝑖=1 𝑦𝑖 = 0 and 𝑦 = 𝑛1 𝑖=1 𝑦𝑖 = 0. CCA aims
to find two basis or projection vectors, 𝑤𝑥 ∈ 𝑅𝑝 and 𝑤𝑦 ∈
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𝑅𝑞 ,respectively for two data sets such that their correlation
between 𝑤𝑥𝑇 𝑥 and 𝑤𝑦𝑇 𝑦 is maximized, where 𝑥 and 𝑦 is any
𝑛
pair from given data set {𝑥𝑖 , 𝑦𝑖 }𝑖=1 . Thus we can write the
correlation expression [21], [22] as follows:
[(
)(
)]
𝐸 𝑤𝑥𝑇 𝑥 𝑤𝑦𝑇 𝑦
] [(
𝜌= [
)2 ]
2
𝐸 (𝑤𝑥𝑇 𝑥) 𝐸 𝑤𝑦𝑇 𝑦
]
[
𝐸 𝑤𝑥𝑇 𝑥𝑦 𝑇 𝑤𝑦
]
[
=
𝐸 [𝑤𝑥𝑇 𝑥𝑥𝑇 𝑤𝑥 ] 𝐸 𝑤𝑦𝑇 𝑦𝑦 𝑇 𝑤𝑦
= √

𝑤𝑥𝑇 𝐶𝑥𝑦 𝑤𝑦
√(
)
(𝑤𝑥𝑇 𝐶𝑥𝑥 𝑤𝑥 )
𝑤𝑦𝑇 𝐶𝑦𝑦 𝑤𝑦

(1)

Equivalently, (𝑤𝑥 ,𝑤𝑦 )can also be obtained through solving
the following optimization problem:
max 𝑤𝑥𝑇 𝐶𝑥𝑦 𝑤𝑦

𝑤𝑥 ,𝑤𝑦

𝑠𝑡.𝑤𝑥𝑇 𝐶𝑥𝑥 𝑤𝑥 = 1
𝑤𝑦𝑇 𝐶𝑦𝑦 𝑤𝑦 = 1

(2)

Where 𝐶𝑥𝑥 = 𝑋𝑋 𝑇 ∈ 𝑅𝑝×𝑝 and 𝐶𝑦𝑦 = 𝑌 𝑌 𝑇 ∈ 𝑅𝑞×𝑞
denote the within-set covariance matrices of 𝑋 and 𝑌 re𝑇
spectively, and 𝐶𝑥𝑦 = 𝑋𝑌 𝑇 = 𝐶𝑦𝑥
∈ 𝑅𝑝×𝑞 denotes
the between-set covariance matrices. 𝑤𝑥 and 𝑤𝑦 are called
the canonical vectors and 𝜆 (≥ 0) is exactly the correlation
−1
𝐶𝑦𝑥 𝑤𝑥 .
between 𝑤𝑥𝑇 𝑥 and 𝑤𝑦𝑇 𝑦. It can be proved 𝑤𝑦 = 𝜆1 𝐶𝑦𝑦
In general, we can obtain a set of first d smallest (nonzero)
correlation vectors (𝑤𝑥𝑖 , 𝑤𝑦𝑖 ) (𝑖 = 1, ⋅ ⋅ ⋅ , 𝑑) from (2), thus we
can have two projection matrices 𝑊𝑥 = [𝑤𝑥1 , ⋅ ⋅ ⋅ , 𝑤𝑥𝑑 ] and
𝑊𝑦 = [𝑤𝑦1 , ⋅ ⋅ ⋅ , 𝑤𝑦𝑑 ]. For stability of the operating, generally
we use Singular Value Decomposition (SVD) [21] to solve the
above procedure.

B. LCA
First we will introduce definition of similarity: local (geometrical) structure can be characterized by Laplacian graph
[18], [25] whose nodes and edges respectively correspond
to the data points and the similarities between
these
}𝑛 points,
{ 𝑋
and
we defined the similarity matrices 𝑆𝑋 = 𝑆𝑖𝑗
𝑖,𝑗=1
{ 𝑌 }𝑛
respectively
for
the
two
datasets
to
char𝑆𝑌 = 𝑆𝑖𝑗
𝑖,𝑗=1
𝑋
𝑌
acterize their local structures. The similarity 𝑆𝑖𝑗
and 𝑆𝑖𝑗
are
defined as:
{
−∥𝑥𝑖 −𝑥𝑗 ∥2
exp
if i and j are neighbors in X
𝑡𝑥
𝑋
𝑆𝑖𝑗 =
0
otherwise
{
−∥𝑦𝑖 −𝑦𝑗 ∥2
if i and j are neighbors in Y
exp
𝑡𝑦
𝑌
𝑆𝑖𝑗
(3)
=
0
otherwise
∑𝑛 ∑𝑛
2
Where 𝑡𝑥 = 𝑖=1 𝑗=1 ∥𝑥𝑖 − 𝑥𝑗 ∥ /𝑛(𝑛 − 1).We can see
𝑋
is, which makes
if the closer between 𝑥𝑖 and 𝑥𝑗 , the larger 𝑆𝑖𝑗
locality of data be preserved better. The definition of 𝑡𝑦 can be
obtained as the same procedure. Now we review the definition
of CCA (2), the correlation expression can be recast without
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data-centralization [21], [22] :
𝑛
∑

max

𝑤𝑥 ,𝑤𝑦

𝑠.𝑡.

𝑛
∑

from (2), optimization problem of KCCA can be formulated
as follows:

𝑤𝑥𝑇 (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)𝑇 𝑤𝑦

max 𝛼𝑇 𝐾𝑋 𝐾𝑌 𝛽

𝑖=1

𝛼,𝛽

2
𝑠.𝑡.𝛼𝑇 𝐾𝑋
𝛼=1

𝑤𝑥𝑇 (𝑥𝑖 − 𝑥)(𝑥𝑖 − 𝑥)𝑇 𝑤𝑥 = 1

𝑖=1
𝑛
∑

𝑤𝑦𝑇 (𝑦𝑖 − 𝑦)(𝑦𝑖 − 𝑦)𝑇 𝑤𝑦 = 1

𝛽 𝑇 𝐾𝑌2 𝛽 = 1

(4)

𝑖=1

Take a close look at the objective (4), for any given
sample pair (𝑥𝑖 , 𝑦𝑖 ), their partial canonical correlation is
𝑤𝑥𝑇 (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)𝑇 𝑤𝑦 . And for the neighborhood of
(𝑥𝑖 , 𝑦𝑖 ), we can replace the sample
means (𝑥, 𝑦) re(∑
∑𝑛
𝑛
𝑋
𝑋
spectively with the local means
𝑗=1 (𝑆𝑖𝑗 /
𝑗=1 𝑆𝑖𝑗 )𝑥𝑗 ,
)
∑𝑛
∑
∑
𝑛
𝑛
𝑌
𝑌
𝑋
𝑋
𝑗=1 (𝑆𝑖𝑗 /
𝑗=1 𝑆𝑖𝑗 )𝑦𝑗 . In fact, 𝑆𝑖𝑗 /(
𝑗=1 𝑆𝑖𝑗 ) is just
𝑋
the normalized term from 𝑆𝑖𝑗
, thus for simplification, we
𝑋
suppose
that
𝑆
and
𝑆
have
been
i.e. 𝑆𝑖𝑗
=
𝑋
𝑌
∑𝑛
∑𝑛 normalized,
𝑋
𝑋
𝑌
𝑌
𝑌
𝑆𝑖𝑗 /( 𝑗=1 𝑆𝑖𝑗 ), 𝑆𝑖𝑗 = 𝑆𝑖𝑗 /( 𝑗=1 𝑆𝑖𝑗 ). Thus we can
construct
so-called∑local canonical correlation: 𝑤𝑥𝑇 (𝑥𝑖 −
∑𝑛
𝑛
𝑋
𝑌
𝑇
𝑗=1 𝑆𝑖𝑗 𝑥𝑗 )(𝑦𝑖 −
𝑗=1 𝑆𝑖𝑗 𝑦𝑗 ) 𝑤𝑦 . Consequently, we form
the following optimization problem with corresponding constraints:
𝑛
𝑛
𝑛
∑
∑
∑
𝑋
𝑌
max 𝑤𝑥𝑇
(𝑥𝑖 −
𝑆𝑖𝑗
𝑥𝑗 )(𝑦𝑖 −
𝑆𝑖𝑗
𝑦𝑗 )𝑇 𝑤𝑦
𝑤𝑥 ,𝑤𝑦

𝑠.𝑡.𝑤𝑥𝑇

𝑛
∑

𝑖=1

𝑗=1
𝑛
∑

(𝑥𝑖 −

𝑖=1
𝑛
∑
𝑤𝑦𝑇
(𝑦𝑖
𝑖=1

𝑋
𝑆𝑖𝑗
𝑥𝑗 )(𝑥𝑖 −

𝑗=1
𝑛
∑

−

𝑗=1

𝑌
𝑆𝑖𝑗
𝑦𝑗 )(𝑦𝑖 −

𝑗=1
𝑛
∑
𝑗=1
𝑛
∑

𝑋
𝑆𝑖𝑗
𝑥𝑗 )𝑇 𝑤𝑥 = 1

𝑌
𝑆𝑖𝑗
𝑦𝑗 )𝑇 𝑤𝑦 = 1

(5)

𝑗=1

The objective (5) is just the formulation of LCA [19]. And
with matrix notation, (5) can be rewritten as:
max 𝑤𝑥𝑇 𝑋𝑀𝑋𝑌 𝑌 𝑇 𝑤𝑦

(7)

Here, kernel functions 𝐾𝑋 = 𝜙(𝑋)𝑇 𝜙(𝑋) and 𝐾𝑌 =
𝜑(𝑌 )𝑇 𝜑(𝑌 ).
With the incompletely paired data, authors of [20] provided the following implementation: given two sets of data
ˆ = [𝑥1 , ⋅ ⋅ ⋅ , 𝑥𝑛 , 𝑥𝑛+1 , ⋅ ⋅ ⋅ , 𝑥𝑛+𝑝𝑠 ] ∈ 𝑅𝑝×(𝑛+𝑝𝑠) and
𝑋
ˆ
𝑌 = [𝑦1 , ⋅ ⋅ ⋅ , 𝑦𝑛 , 𝑦𝑛+1 , ⋅ ⋅ ⋅ , 𝑦𝑛+𝑝𝑙 ] ∈ 𝑅𝑞×(𝑛+𝑝𝑙) , in which
𝑋 = [𝑥1 , ⋅ ⋅ ⋅ , 𝑥𝑛 ] ∈ 𝑅𝑝×𝑛 and 𝑌 = [𝑦1 , ⋅ ⋅ ⋅ , 𝑦𝑛 ] ∈ 𝑅𝑞×𝑛
(𝑛 ≤ min {(𝑛 + 𝑝𝑠), (𝑛 + 𝑝𝑙)}) are 𝑛 pairs data. Defining
ˆ 𝑇 𝜙(𝑋), and 𝐾 ˆ ˆ =
𝐾𝑋𝑋 = 𝜙(𝑋)𝑇 𝜙(𝑋), 𝐾𝑋𝑋
= 𝜙(𝑋)
ˆ
𝑋𝑋
𝑇
ˆ
ˆ
𝜙(𝑋) 𝜙(𝑋) as kernel matrices between the various sets of
the X data and analogously defining kernel matrices for Y
data, thus Semi-LRKCCA can be formulated as the following
optimization problem:
max
𝛼,𝛽

𝛼𝑇 𝐾𝑋𝑋
ˆ 𝐾𝑌 𝑌
ˆ𝛽

𝑠.𝑡. 𝛼𝑇 (𝐾𝑋𝑋
ˆ 𝐾𝑋 𝑋
ˆ )𝛼 = 1
ˆ + 𝑅𝑋
𝛽 𝑇 (𝐾𝑌ˆ 𝑌 𝐾𝑌 𝑌ˆ + 𝑅𝑌ˆ )𝛽 = 1

(8)

𝛾𝑋
Here 𝑅𝑋ˆ = 𝜖𝑋 𝐾𝑋ˆ 𝑋ˆ + 𝑝𝑠
2 𝐾𝑋
ˆ𝑋
ˆ 𝐿𝑋
ˆ 𝐾𝑋
ˆ𝑋
ˆ and 𝐿𝑋
ˆ =
ˆ
𝐷𝑋ˆ − 𝑊𝑋ˆ [18] in 𝑋 data, where 𝑊𝑋ˆ𝑖𝑗 is the edge weight
between ∑
𝑥𝑖 and 𝑥𝑗 , and diagonal matrix 𝐷𝑋ˆ is given by
𝑝𝑠
𝐷𝑋ˆ𝑖𝑖 = 𝑖=1 𝑊𝑋ˆ𝑖𝑗 . 𝑅𝑌ˆ can be formulated analogously.
It is worth noting that in Semi-LRKCCA, 1) the local
structure is just embedded in 𝑅𝑋ˆ (𝑅𝑌ˆ ) in the constraints,
but not in its objective function; 2) there are more than ten
parameters to be tuned in learning (produced in 𝐾𝑋𝑋
ˆ , 𝐾𝑋 𝑋
ˆ,
𝐾𝑋ˆ 𝑋ˆ , 𝑅𝑋ˆ , 𝐾𝑌ˆ 𝑌 , 𝐾𝑌 𝑌ˆ , 𝐾𝑌ˆ 𝑌ˆ , 𝑅𝑌ˆ ), which is too complicated
for real WSN application.

𝑤𝑥 ,𝑤𝑦

𝑠.𝑡.𝑤𝑥𝑇 𝑋𝑀𝑋𝑋 𝑋 𝑇 𝑤𝑥 = 1
𝑤𝑦𝑇 𝑌 𝑀𝑌 𝑌 𝑌 𝑇 𝑤𝑦 = 1

IV. L OCALIZATION WITH I NCOMPLETELY PAIRED DATA
(6)

A. PPLCA

C. Semi-LRKCCA

Given two sets of incompletely paired un-centralized data
ˆ = [𝑥1 , ⋅ ⋅ ⋅ , 𝑥𝑛 , 𝑥𝑛+1 , ⋅ ⋅ ⋅ , 𝑥𝑛+𝑝𝑠 ] ∈ 𝑅𝑝×(𝑛+𝑝𝑠) and
𝑋
𝑌ˆ = [𝑦1 , ⋅ ⋅ ⋅ , 𝑦𝑛 , 𝑦𝑛+1 , ⋅ ⋅ ⋅ , 𝑦𝑛+𝑝𝑙 ] ∈ 𝑅𝑞×(𝑛+𝑝𝑙) , where
𝑛 pairs of data 𝑋 = [𝑥1 , ⋅ ⋅ ⋅ , 𝑥𝑛 ] ∈ 𝑅𝑝×𝑛 and 𝑌 =
[𝑦1 , ⋅ ⋅ ⋅ , 𝑦𝑛 ] ∈ 𝑅𝑞×𝑛 (𝑛 ≤ min {(𝑛 + 𝑝𝑠), (𝑛 + 𝑝𝑙)}) are oneto-one corresponded or paired data and the remaining data
[𝑥𝑛+1 , ⋅ ⋅ ⋅ , 𝑥𝑛+𝑝𝑠 ] ∈ 𝑅𝑝×𝑝𝑠 and [𝑦𝑛+1 , ⋅ ⋅ ⋅ , 𝑦𝑛+𝑝𝑙 ] ∈ 𝑅𝑞×𝑝𝑙
are unpaired.
Furthermore, we define
similarity matrices
{ }𝑛,𝑛+𝑝𝑠
{ }the
𝑛,𝑛+𝑝𝑙
𝑋
𝑌
𝑆ˆ𝑋 = 𝑆ˆ
and 𝑆ˆ𝑌 = 𝑆ˆ
to characterize

The kernel trick solves a nonlinear problem by transferring the original nonlinear data into a higher (even infinite)
dimensional feature space, where the linear algorithm can be
subsequently used [21]. In order to kernelize CCA, we fist
utilize (implicit) mappings 𝑥 → 𝜙(𝑥) and 𝑦 → 𝜑(𝑦), and
then perform traditional CCA in the two high-dimensional
feature spaces. Let 𝜙(𝑋) = [𝜙(𝑥1 ), ⋅ ⋅ ⋅ , 𝜙(𝑥𝑛 )] and 𝜑(𝑌 ) =
[𝜑(𝑦1 ), ⋅ ⋅ ⋅ , 𝜑(𝑦𝑛 )], 𝑤𝜙 = 𝜙(𝑋)𝛼 and 𝑤𝜑 = 𝜑(𝑌 )𝛽 be two
canonical vectors derived from the new mapped datasets [21],
[23], where 𝛼 and 𝛽 are n-dimensional vectors. Accordingly,

ˆ and 𝑌ˆ data sets according to Eq.(3),
the local structures in 𝑋
ˆ
ˆ
ˆ
but 𝑆𝑋 (𝑆𝑌 ) reflects similarity between the whole data 𝑋
ˆ
ˆ
and the paired data 𝑋 (𝑌 and 𝑌 ). Thus the sizes of 𝑆𝑋
and 𝑆ˆ𝑌 are respectively 𝑛 × (𝑛 + 𝑝𝑠) and 𝑛 × (𝑛 + 𝑝𝑙).
Now let us take a further look at the objective of LCA (5)
again, for any given one sample pair (𝑥𝑖 , 𝑦𝑖 ), their (local)
canonical correlation
embedded by
structure is defined
∑𝑛
∑𝑛its local
𝑋
𝑌
𝑋
𝑥𝑗 )(𝑦𝑖 − 𝑗=1 𝑆𝑖𝑗
𝑦𝑗 )𝑇 𝑤𝑦 , where 𝑆𝑖𝑗
as 𝑤𝑥𝑇 (𝑥𝑖 − 𝑗=1 𝑆𝑖𝑗
𝑌
and 𝑆𝑖𝑗 are the similarity only between paired data 𝑋 and 𝑌 ,
and thus the whole correlation of all data pairs is aggregated to

Where 𝑀𝑋𝑌 = 𝐼 −𝑆𝑋 −𝑆𝑌 +𝑆𝑋 ∘𝑆𝑌 , 𝑀𝑋𝑋 = 𝐼 −2𝑆𝑋 +
𝑆𝑋 ∘ 𝑆𝑋 , 𝑀𝑌 𝑌 = 𝐼 − 2𝑆𝑌 + 𝑆𝑌 ∘ 𝑆𝑌 , The operator ”‘∘” is
element-by-element product in two matrices, i.e., (𝐴 ∘ 𝐵)𝑖𝑗 =
𝐴𝑖𝑗 𝐵𝑖𝑗 . Obviously, LCA aims to describe the local structure
of the two datasets. Using Lagrange multiplier method to solve
this optimization problem (6), we can get canonical correlation
vector pair (𝑤𝑥 , 𝑤𝑦 ).

𝑖𝑗

𝑖,𝑗=1

𝑖𝑗

𝑖,𝑗=1
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∑
∑
∑
𝑋
𝑌
form as 𝑤𝑥𝑇 𝑛𝑖=1 (𝑥𝑖 − 𝑛𝑗=1 𝑆𝑖𝑗
𝑥𝑗 )(𝑦𝑖 − 𝑛𝑗=1 𝑆𝑖𝑗
𝑦𝑗 )𝑇 𝑤𝑦 .
Next, for the incompletely paired data, we synthesize the
(whole) canonical correlation by aggregating all local correlations into a whole one as in LCA, to characterize
the
∑𝑛
incompletely paired scenario in terms of 𝑤
ˆ𝑥𝑇 𝑖=1 (𝑥𝑖 −
∑𝑛+𝑝𝑠 ˆ𝑋
∑𝑛+𝑝𝑙 ˆ𝑌
𝑇
ˆ𝑦 .
𝑗=1 𝑆𝑖𝑗 𝑥𝑗 )(𝑦𝑖 −
𝑗=1 𝑆𝑖𝑗 𝑦𝑗 ) 𝑤
Consequently, we form the following optimization problem
with the corresponding constraints:
max 𝑤
ˆ𝑥𝑇

𝑤
ˆ𝑥 ,𝑤
ˆ𝑦

𝑠.𝑡.𝑤
ˆ𝑥𝑇

(𝑥𝑖 −

𝑛+𝑝𝑠
∑

𝑖=1

𝑛
∑

(𝑥𝑖 −

𝑖=1

𝑤
ˆ𝑦𝑇

𝑛
∑

𝑛
∑
𝑖=1

𝑋
𝑆ˆ𝑖𝑗
𝑥𝑗 )(𝑦𝑖 −

𝑛+𝑝𝑙
∑

𝑗=1
𝑛+𝑝𝑠
∑

𝑋
𝑆ˆ𝑖𝑗
𝑥𝑗 )(𝑥𝑖 −

𝑋
𝑆ˆ𝑖𝑗
𝑥𝑗 )𝑇 𝑤
ˆ𝑥 = 1

𝑗=1

𝑛+𝑝𝑙
∑
𝑗=1

𝑌
𝑆ˆ𝑖𝑗
𝑦𝑗 )(𝑦𝑖 −

𝑛+𝑝𝑙
∑

𝑌
𝑆ˆ𝑖𝑗
𝑦𝑗 )𝑇 𝑤
ˆ𝑦 = 1 (9)

𝑗=1

Optimizing the objective (9) results in PPLCA, with notation of matrix and from some algebraic manipulations, (9) can
be recast as:
ˆ 𝑆ˆ𝑋 𝑌 𝑇 + 𝑆ˆ𝑋 𝑆ˆ𝑌𝑇 𝑌ˆ 𝑇 )𝑤
ˆ𝑥𝑇 (𝑋𝑌 − 𝑋 𝑆ˆ𝑌𝑇 𝑌ˆ 𝑇 − 𝑋
ˆ𝑦
max 𝑤

𝑤
ˆ𝑥 ,𝑤
ˆ𝑦

𝑇 ˆ𝑇
𝑇 ˆ𝑇
ˆ 𝑆ˆ𝑋 𝑋 𝑇 + 𝑆ˆ𝑋 𝑆ˆ𝑋
𝑋 −𝑋
𝑋 )𝑤
𝑠.𝑡.𝑤
ˆ𝑥𝑇 (𝑋𝑋 𝑇 − 𝑋 𝑆ˆ𝑋
ˆ𝑥 = 1
𝑇
𝑇
𝑇 ˆ𝑇
𝑇
𝑇 ˆ𝑇
ˆ
ˆ
ˆ
ˆ
ˆ
𝑤
ˆ𝑦 (𝑌 𝑌 − 𝑌 𝑆𝑌 𝑌 − 𝑌 𝑆𝑌 𝑌 + 𝑆𝑌 𝑆𝑌 𝑌 )𝑤
ˆ𝑦 = 1 (10)
𝑇

𝑇

Denote 𝐴 = [𝐼𝑛 , 0](𝑛+𝑝𝑠)×𝑛 and 𝐵 = [𝐼𝑛 , 0](𝑛+𝑝𝑙)×𝑛 , thus
ˆ and 𝑌 = 𝑌ˆ 𝐵. Then we can rewrite (10) as:
𝑋 = 𝑋𝐴
ˆ𝐺
ˆ𝑋𝑌 𝑌ˆ 𝑇 𝑤
max 𝑤
ˆ𝑥𝑇 𝑋
ˆ𝑦

𝑤
ˆ𝑥 ,𝑤
ˆ𝑦

ˆ𝐺
ˆ 𝑋𝑋 𝑋
ˆ𝑇 𝑤
𝑠.𝑡.𝑤
ˆ𝑥𝑇 𝑋
ˆ𝑥 = 1
𝑇 ˆ ˆ
𝑇
ˆ
ˆ𝑦 = 1
𝑤
ˆ𝑦 𝑌 𝐺𝑌 𝑌 𝑌 𝑤

From the objective of PPLCA (9), it is worth noting that,
1) local structures are embedded directly into the LCA and
appear simultaneously in both the objective and constraints;
2) a global mapping with implicit nonlinear correlation can be
sought by aggregating all the local linear correlations as done
in LCA; 3) only the number of neighbors needs to be tuned
during establishing the model (in 𝑆ˆ𝑋 and 𝑆ˆ𝑌 ), which greatly
reduces time and energy resources for real WSN application.
B. Location estimation in WSN

𝑗=1
𝑛+𝑝𝑠
∑

𝑗=1

(𝑦𝑖 −

𝑌
𝑆ˆ𝑖𝑗
𝑦𝑗 )𝑇 𝑤
ˆ𝑦
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(11)

ˆ 𝑋𝑌 = 𝐴𝐵 𝑇 − 𝐴𝑆ˆ𝑇 − 𝑆ˆ𝑇 𝐵 𝑇 + 𝑆ˆ𝑋 𝑆ˆ𝑇 , 𝐺
ˆ 𝑋𝑌 =
Where 𝐺
𝑌
𝑋
𝑌
𝑇
𝑇
𝑇 𝑇
𝑇
𝑇
ˆ
ˆ
ˆ
ˆ
ˆ
𝐴𝐴 − 𝐴𝑆𝑋 − 𝑆𝑋 𝐴 + 𝑆𝑋 𝑆𝑋 , 𝐺𝑋𝑌 = 𝐵𝐵 − 𝐵 𝑆ˆ𝑌𝑇 −
𝑆ˆ𝑌𝑇 𝐵 𝑇 + 𝑆ˆ𝑌 𝑆ˆ𝑌𝑇 . Finally, we can get the canonical correlation
ˆ𝑦𝑇 ) by solving the following eigen-equation
vector pair (𝑤
ˆ𝑥𝑇 ,𝑤
(12):
][
[
]
ˆ𝐺
ˆ𝑋𝑌 𝑌ˆ 𝑇
𝑋
𝑤
ˆ𝑥
ˆ𝑌 𝑋 𝑋
ˆ𝑇
𝑤
ˆ𝑦
𝑌ˆ 𝐺
[
][
]
ˆ𝑇
ˆ𝐺
ˆ𝑋𝑋 𝑋
𝑋
𝑤
ˆ𝑥
=𝜆
(12)
ˆ 𝑌 𝑌 𝑌ˆ 𝑇
𝑤
ˆ𝑦
𝑌ˆ 𝐺
Like the solution of CCA, the canonical vectors (𝑤
ˆ𝑥 and
𝑤
ˆ𝑦 ) of (12) can be obtained by the SVD [21]. As a result, we
ˆ 𝑇 )− 12 𝑢
ˆ𝐺
ˆ 𝑋𝑋 𝑋
ˆ𝑖 and
have the following solutions: 𝑤
ˆ𝑥𝑖 = (𝑋
1
ˆ 𝑌 𝑌 𝑌ˆ 𝑇 )− 2 ˆ
𝑣𝑖 , where 𝑢
ˆ𝑖 and 𝑣ˆ𝑖 are respectively
𝑤
ˆ𝑦𝑖 = (𝑌ˆ 𝐺
ˆ =
left singular and right singular eign-vectors of the 𝐻
𝑇 − 12 ˆ ˆ
𝑇 ˆ ˆ
𝑇 − 12
ˆ
ˆ
ˆ
ˆ
ˆ
ˆ
(𝑋 𝐺𝑋𝑋 𝑋 ) 𝑋 𝐺𝑋𝑌 𝑌 (𝑌 𝐺𝑌 𝑌 𝑌 ) . When 𝐺𝑋𝑋 is
ˆ 𝑋𝑋 + 𝜖𝐼 (with
ˆ𝑋𝑋 with 𝐺
singular, we generally replace 𝐺
𝜖 being small positive number) to overcome its singularity as
ˆ 𝑌 𝑌 are
ˆ𝑋𝑌 and 𝐺
well as ensure the computational stability, 𝐺
done in the similar way. Actually, LCA is just a special case
of PPLCA when the two datasets are paired. Compared with
Eq.(5) and Eq.(9), it is easy to prove when 𝑝𝑠 = 𝑝𝑙 = 0, the
expressions of LCA and PPLCA are same.

Suppose that a set of sensors are deployed in some geographical area, including 𝑝 APs which send signals to nonAPs. The input to our algorithm only needs two sets of data
from the non-AP sensors: a signal strength matrix from the
ˆ ∈ 𝑅𝑝×(𝑛+𝑝𝑠) and a physical coordinate matrix of
𝑝 APs 𝑋
ˆ 𝑥𝑖𝑗 denotes the RSS of sensor
sensors 𝑌ˆ ∈ 𝑅𝑞×(𝑛+𝑝𝑙) . In 𝑋,
𝑗(𝑗 = 1, ⋅ ⋅ ⋅ , 𝑛) receiving from AP 𝑖(𝑖 = 1, ⋅ ⋅ ⋅ , 𝑝) and
𝑥𝑖𝑗 takes zero value if sensor 𝑗 lies beyond the transmission
range of AP 𝑖. Our goal is to build a mapping between
ˆ 𝑌ˆ ). Upon
signal space and physical space from such a set (𝑋,
learning the mapping, we can estimate the physical location or
coordinate 𝑦𝑔 for an unknown sensor 𝑔 from its signal vector
𝑥𝑔 = (𝑥𝑔1 , 𝑥𝑔2 , ⋅ ⋅ ⋅ , 𝑥𝑔𝑝 )𝑇 .
Generally, RSSI-localization includes two phases: 1) modelbuilding phase in which the mapping between signal and
physical spaces is established; 2) an online localization phase
in which the locations of unknown sensors are estimated using
the learnt mapping. A summary of our algorithm is provided
as follows, where Steps 1 & 2 are finished in a model-building
phase while Steps 3 & 4 are done in an online localization
phase:
ˆ 𝑌ˆ ).
Input: (𝑋,
Output: Estimated location coordinate 𝑦𝑔 of the unknown
sensor 𝑔.
{ }𝑛,𝑛+𝑝𝑠
𝑋
Step 1: Compute the similarity matrices 𝑆ˆ𝑋 = 𝑆ˆ𝑖𝑗
𝑖,𝑗=1
{ }𝑛,𝑛+𝑝𝑙
𝑌
and 𝑆ˆ𝑌 = 𝑆ˆ𝑖𝑗
between the whole data and the paired
𝑖,𝑗=1

data according to (3).
ˆ𝑋 =
Step 2: Solve (12) to obtain the projection matrices 𝑊
ˆ𝑌 = [𝑤
ˆ𝑥𝑑 ] and 𝑊
ˆ𝑦1 , ⋅ ⋅ ⋅ , 𝑤
ˆ𝑦𝑑 ] which maximize
[𝑤
ˆ𝑥1 , ⋅ ⋅ ⋅ , 𝑤
ˆ 𝑇 𝑥𝑖 and 𝑊
ˆ 𝑇 𝑦𝑖 (𝑖 = 1, ⋅ ⋅ ⋅ , 𝑛).
the correlation between 𝑊
𝑋
𝑌
ˆ 𝑇 𝑋 and
For the whole data, their projection are 𝑃ˆ𝑋 = 𝑊
𝑋
𝑇
ˆ
ˆ
𝑃𝑌 = 𝑊𝑌 𝑌 . Thus we can estimate the location of an
unknown sensor g through its neighbors in the corresponding
signal space.
Step 3: Project 𝑥𝑔 = (𝑥𝑔1 , 𝑥𝑔2 , ⋅ ⋅ ⋅ , 𝑥𝑔𝑝 )𝑇 to the new space
ˆ𝑥 : 𝑃ˆ𝑋𝑔 = 𝑊
ˆ 𝑇 𝑥𝑔 .
using 𝑊
𝑋
Step 4: Find 𝐾 neighbors closest to 𝑃ˆ𝑋𝑔 in 𝑃ˆ𝑋 and
then use the centroid method to estimate the physical location of the 𝑔 from these neighbors’ physical coordinates :
𝐾
.
{𝑦1 , 𝑦2 , ⋅ ⋅ ⋅ , 𝑦𝐾 } ∈ 𝑅𝑞×𝑛 : 𝑦𝑔 = 𝑦1 +𝑦2 +⋅⋅⋅+𝑦
𝐾
C. Time Complexity of Localization Algorithms
As described in Introduction, rare localization research
focuses on such scenario of incompletely paired data, and we
only find Semi-LRKCCA is one closest in methodology to our
work so far, but it is just applied in image/character processing.
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In other words, applying it to the localization in WSN is our
try and mainly for comparison with our PPLCA as well.
Now let us carry out a quick review of sizes of given
ˆ − 𝑝 × 𝑝𝑠; 𝑌ˆ − 𝑞 × 𝑝𝑙;
datasets or (data) matrices: 𝑋
𝑋 − 𝑝 × 𝑛; 𝑌 − 𝑞 × 𝑛, where 𝑛 ≤ min {𝑝𝑠, 𝑝𝑙}
and {𝑝, 𝑞 = 2 𝑜𝑟 3 𝑖𝑛 𝑟𝑒𝑎𝑙 𝑤𝑜𝑟𝑙𝑑 𝑢𝑠𝑢𝑎𝑙𝑙𝑦} ≪ min {𝑝𝑠, 𝑝𝑙}.
Thus the main computing terms and their corresponding time
complexities of Semi-LRKCCA are: 𝐾𝑋ˆ 𝑋ˆ − 𝑂(𝑝 × 𝑝𝑠2 );
2
𝐾𝑋 𝑋ˆ −𝑂(𝑝×𝑝𝑠×𝑛); 𝐾𝑋𝑋
ˆ −𝑂(𝑝×𝑝𝑠×𝑛); 𝐿𝑋
ˆ −𝑂(𝑝×𝑝𝑠 );
𝐾𝑌ˆ 𝑌ˆ −𝑂(𝑞×𝑝𝑙2 ); 𝐾𝑌ˆ 𝑌 −𝑂(𝑞×𝑝𝑙×𝑛); 𝐾𝑌 𝑌ˆ −𝑂(𝑞×𝑝𝑙×𝑛);
𝐿𝑌ˆ − 𝑂(𝑞 × 𝑝𝑙2 ); solving (8) by recasting a eigen-equation
costs 𝑂((𝑝𝑠 + 𝑝𝑙)3 ). As a result, the total complexity in the
model-building phase of Semi-LRKCCA is 𝑂(𝑝 × 𝑝𝑠 × (𝑝𝑠 +
2𝑛 + 𝑝𝑠) + 𝑞 × 𝑝𝑙 × (𝑝𝑙 + 2𝑛 + 𝑝𝑙) + (𝑝𝑠 + 𝑝𝑙)3 ). Moreover,
due to 𝑛 ≤ min {𝑝𝑠, 𝑝𝑙}, this complexity can be reduced to
𝑂(𝑝 × 𝑝𝑠2 + 𝑞 × 𝑝𝑙2 + (𝑝𝑠 + 𝑝𝑙)3 ). All of the above mentioned
kernel functions are chosen as RBF kernel [23].
Next, we turn to the main computing terms and their corresponding time complexities of our PPLCA: 𝑆ˆ𝑋 −𝑂(𝑝×𝑝𝑠×𝑛);
𝑆ˆ𝑌 − 𝑂(𝑞 × 𝑝𝑙 × 𝑛); solving eigen-equation (12) costs
𝑂((𝑝 + 𝑞)3 ). As a result, the total complexity in the modelbuilding phase is 𝑂(𝑛 × (𝑝 × 𝑝𝑠 + 𝑞 × 𝑝𝑙) + (𝑝 + 𝑞)3 ).
From the above analysis and in comparison with the cubic
terms of Semi-LRKCCA and PPLCA, obviously, (𝑝𝑠 + 𝑝𝑙)3
is much larger than (𝑝 + 𝑞)3 . And for their remaining terms,
Semi-LRKCCA has the quadratic terms while PPLCA only
has linear terms. In addition, Semi-LRKCCA has about 13
parameters needing to be tuned, thus clearly, our PPLCA has
greater time-saving.
Besides, in the online localization phase, due to no need of
the kernel computation, the time of PPLCA costs just 1/𝑝𝑠
times of the Semi-LRKCCA’s, which the former is 𝑂(𝑞 × 𝑝𝑠)
and the latter is 𝑂(𝑞 × 𝑝𝑠2 ).
V. E XPERIMENTAL R ESULTS
This section presents a series of comparative studies of
localization in the outdoor and indoor environment, respectively. The first experimental data are collected from the fire
alarming project of ancient city wall, whose partial network
environment is showed in Fig. 1(sub-section C), and the
second one from Department of Computer Science of the
Hong Kong University of Science and Technology (HKUST).
Besides PPLCA, we also carry out Semi-LRKCCA, LCA
which lacks a mechanism of using the unpaired data, and
LeMan which only uses in such a case that the number of RSSs
is greater than or equal to the number of physical positions.
A. Experimental Setting
As mentioned in section IV with the description of PPLCA,
the mathematical expression of unpaired data here is the unmatch between the numbers of the RSSs and physical positions. For simulation, we split randomly the whole collected
(paired) data set into two halves: the one is used in training
for building model and the other is for test. For the (paired)
training dataset, we artificially produce these cases: randomly
miss some parts from the RSSs (here from 0% to 50%) and
from physical positions (0%, 10%, 30%, 50%) respectively
to yield incompletely paired data. Here we do not consider

the case of more than 50% unpaired data because this occurs
rarely in real world (if it happened, we would think the
network should be re-deployed).
In this paper, all the WSN localization comparative experiments are run in Matlab 7.0 on a Pentium IV processor
of 1.60GHz with 1G RAM. Each signal value in db from
an AP is negative and then is converted to corresponding
positive one by adding the minimal signal value. To reduce
the statistical variability, the reported results here are averaged
over 10 repetitions.
B. Parameter Selection
In our experiments, we select all the parameters by
Cross-validation (CV) [26]: the training data is generally
split into training and validation subsets, and then through an
exhaustive search in the given ranges of the parameters to be
tuned, the values of the parameters corresponding to the best
validation result would be selected. Here, to determine the
parameters in our PPLCA and other comparative algorithms,
we use 70% of given training data for building the model
and the rest for validating, and restrict the given ranges of
all the real-valued parameters to [10−4 , 104 ] with different
multiplying increments and those of the integer-valued
parameters 𝑘 and 𝐾 to [1, 0.10 × 𝑝𝑙] with the additive
increment 1. Finally, the averaged results are reported after
replicating the CV 10 times using different training data. The
best values (search increments) of all algorithms in the first
network are:
PPLCA: 𝑘 − −3(1), 𝐾 − −4(1);
LCA: 𝑘 − −3(1), 𝐾 − −4(1);
Semi-LRKCCA: 𝑘 − −3(1), 𝐾 − −21(1), 𝐾𝑊 −
−0.3162(100.5); 𝜖𝑋 − −0.001(101), 𝛾𝑋 − −10(101), 𝜖𝑌 −
−0.01(101), 𝛾𝑌 − −10(101);
LeMan: 𝑘 − −3(1), 𝐾 − −4(1), 𝐾𝑊 − −0.1(100 .5), 𝛾𝐴 −
−0.0032(100.5), 𝛾𝐼 − −0.001(100.5).
The best values (search increments) of all algorithms in
the second network are:
PPLCA: 𝑘 − −15(1), 𝐾 − −10(1);
LCA: 𝑘 − −15(1), 𝐾 − −10(1);
Semi-LRKCCA: 𝑘 − −11(1), 𝐾 − −5(1), 𝐾𝑊 −
−0.01(100.5); 𝜖𝑋 − −0.001(101), 𝛾𝑋 − −0.001(101), 𝜖𝑌 −
−0.001(101), 𝛾𝑌 − −100(101);
LeMan: 𝑘−−14(1), 𝐾−−12(1), 𝐾𝑊 −−0.01(100.5), 𝛾𝐴 −
−0.01(100.5), 𝛾𝐼 − −0.3162(100.5).
Here, kernel width (KW) means specify width parameter
for a kernel function. For simpleness and workability of
algorithms, we suppose all the values of KW are same in different kernel functions in the one algorithm and one network
environment. Regularizes 𝛾𝐴 and 𝛾𝐼 in LeMan respectively
control the complexity of the functions [18] and are carefully
tuned.
It is worth pointing out again that the number of the
parameters in PPLCA is much smaller than those in SemiLRKCCA and LeMan, for which, except for the 𝑘 or/and the
𝐾, there are additional kernel and regularization parameters
needed to be adjusted, accordingly, leading to heavy cost
during establishing the mapping.
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distances in other missing cases for which, Semi-LRKCCA
leads ahead contrarily. Naturally LeMan seats between them.
D. The WSN in HKUST

Fig. 1.

Network deployment of fire alarming WSN of ancient city wall.

C. Comparison in Fire alarming WSN of ancient city wall
1) System deployment: It is very important to protect the
ancient city walls which are hundreds (even thousands) of
years old. However, installing the modern fire protection
facilities would be possible to damage the historical sites.
Luckily, due to the convenient deployment and powerful
function of wireless sensors, we can deploy the WSN on and
in the ancient city walls without any damage. If some sensors
monitor the high temperature or smoke, they will send the
fire alarm. Thus, it is very important to hold the position of
each sensor. However, in many large scale ancient building
complexes, some factors, for example, heavy raining would
make the signal transmitted in a short range, thick city wall
or landslide would make the failure transmission of signal or
GPS, etc., make it difficult to gather completely paired data.
As a consequence, for such a scenario, how to achieve high
localization accuracy with such the data is a key task in this
project.
In this experiment, the network is deployed in 99 square
meters region over which sensors are randomly distributed
(Fig. 1). We adopt the products of Crossbow as the hardware
platform, its Mica2 as sensors, MIB520 as the gateway, and
then assemble the Mote, computer and gateway as the base
station which manages the localization. Four APs are deployed
uniformly in this network, meaning that each RSS vector is
4-dimensional. There are 850 samples collected in total. As
shown in Fig. 1, those sensors are spread on the floor or seat
stones. Due to that the deployed sensors lie basically in the
same level floor, we characterize the physical positions just
using two-dimension coordinates.
2) Experimental results: The localization performance is
illustrated in Fig. 2, from which we can observe that the
mean error distances of each algorithm increase with the ratio
of missing data increased, and PPLCA outperforms all the
compared algorithms in all the missing cases of the two spaces
(from no missing to 50% missing). For the other algorithms,
from Fig. 2, we can find that they perform differently in
localization in different missing cases and none of them can
always dominate: LCA has shorter mean error distances than
both Semi-LRKCCA and LeMan when the missing ratios of
data are small, for example, RSS missing ratio ≤ 15% with no
position missing (Fig. 2(a)) and RSS missing ratio ≤ 7% with
10% position missing (Fig. 2(b)) but yields lower mean error

1) System deployment: In this sub-section, we perform a
series of location estimation experiments with the data coming
from HKUST. The network set-up is equipped with an IEEE
802.11b wireless network in the 2.4GHz frequency bandwidth.
All data are collected using an IBM laptop computer with an
external Linksys Wireless-B USB network adapter [24].
Different from the network in the previous sub-section, it
is deployed in a three dimensional indoor space, in which all
non-AP sensors are distributed on the same floor and 8 APs are
set on the up-middle-bottom three floors. Besides, the number
of sensors is more, and thus these differences naturally form
a different topology for this deployment. In this experiment,
there are 2,999 samples collected in total.
2) Experimental results: Applying all the same algorithms
to the network, the performance comparisons for all the
missing ratios of data (from 0% to 50%) are illustrated in Fig.
3, from which we can observe that the mean error distances of
all the algorithms increase gradually as the missing (position
and RSS) ratios increase, PPLCA still outperforms the other
algorithms in all the missing cases and the performance of the
other algorithms is similar to those in the first network, except
for some points of Semi-LRKCCA’s.
E. Discussion on the above two experiments
From above two sets of experimental results in both subsection C and D, we can observe that (1) on the whole, PPLCA
has lower mean error distances than Semi-LRKCCA, LCA
and LeMan. (2) LCA can keep its shorter mean error distances
than Semi-LRKCCA and LeMan when the unpaired ratios are
small, but rises when the unpaired ratio becomes larger due to
just using paired data. (3) Semi-LRKCCA behaves relatively
badly when the unpaired ratios are small, but relatively well
as the ratio becomes larger. In addition, it needs tune somany parameters and this undoubtedly lowers its stability
and applicability. (4) LeMan lies in mean error distances inbetween Semi-LRKCCA and LCA since it is designed just for
the case that the number of RSSs is greater than or equal to
the number of physical positions.
VI. C ONCLUSION
In this paper, we mainly solve the problem of localization
in complicated WSNs, which results from the incompletely
paired (RSS, Position) data due to some undesired reasons.
To attack the problem, we present a novel algorithm, which
is called PPLCA, and successfully apply it to the WSN localization. Our algorithm can more accurately estimate physical
location of an unknown sensor in a complex environment
due to directly embedding the local structures or geometrical
topologies of those networks into both the objective and constraints of the LCA simultaneously, and greatly reduce the time
and energy resources to enhance its practical applicability due
to linear computation and only needing to tune less parameters
involved. Experiments on two different environments show
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Fig. 2. Mean error distances vs. the ratios of missing data—(a), (b), (c), (d):
missing physical position ratios are 0%, 10%, 30%, 50%.
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Fig. 3. Mean error distances vs. the ratios of missing data—(a), (b), (c), (d):
missing physical position ratios are 0%, 10%, 30%, 50%.
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its better performance in localization than those compared
algorithms.
Our future work is about trajectory prediction of mobile
nodes. We will also consider the networks under much complicated or easily-attacked circumstance, where the mapping
need to be updated in some dynamic WSNs or the information
is easy to be juggled even if gathered completely.
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