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Abstract 
 

A novel neighbor selection-based fingerprinting algorithm using matrix correlation (MC) for 
Wi-Fi localization is presented in this paper. Compared with classic fingerprinting algorithms 
that usually employ a single received signal strength (RSS) sample, the presented algorithm 
uses multiple on-line RSS samples in the form of a matrix and measures correlations between 
the on-line RSS matrix and RSS matrices in the radio-map. The algorithm makes efficient use 
of on-line RSS information and considers RSS variations of reference points (RPs) for 
localization, so it offers more accurate localization results than classic neighbor 
selection-based algorithms. Based on the MC algorithm, an error estimation method using 
artificial neural network is also presented to fuse available information that includes RSS 
samples and localization results computed by the MC algorithm and model the nonlinear 
relationship between the available information and localization errors. In the on-line phase, 
localization errors are estimated and then used to correct the localization results to reduce 
negative influences caused by a static radio-map and RP distribution. Experimental results 
demonstrate that the MC algorithm outperforms the other neighbor selection-based algorithms 
and the error estimation method can reduce the mean of localization errors by nearly half. 
 
 
Keywords: Wi-Fi localization, matrix correlation, artificial neural network, information 
fusion, error estimation 
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1. Introduction 

As demands for location-based services (LBSs) increase, accurate indoor localization 
techniques have been extensively researched. Satellite-based localization systems are able to 
offer satisfactory localization results for outdoor users [1]. However, regarding indoor 
environments like shopping malls, libraries and offices, satellite-based localization systems 
perform badly because of building barriers [2]. Thus, numerous indoor localization systems 
have been developed, such as RADAR system proposed by Microsoft Research offers indoor 
LBSs by using Wi-Fi signals [3,4]. Through combining Bluetooth and infrared (IR), TOPAZ 
can provide room-level accuracy for multiple targets at the same time [5]. Active Badge 
developed by AT&T Cambridge applies sensor networks to detect IR signals transmitted by 
IR emitters [6]. An ultrasound-based Active Bat can provide centimeter-level accuracy using 
trilateration [7]. LANDMARC is a localization system based on active radio-frequency 
identification (RFID), which adopts K-nearest neighbors (KNN) algorithm to locate RFID 
tags [8]. Ubisense’s ultra wideband (UWB) systems are able to provide accurate localization 
results with high reliability in complex indoor environments [9]. 

Among these systems, Wi-Fi-based localization systems are more suitable for wide 
applications than the other systems because the Wi-Fi-based systems can employ widely 
deployed access points (APs) and commonly available Wi-Fi terminal devices [10]. Compared 
with the other methods that are also based on Wi-Fi such as propagation model [11], time of 
arrival (TOA) [12], time difference of arrival (TDOA) [13], and angle of arrival (AOA) [14], 
the fingerprinting method using received signal strength (RSS) has better performance under 
non-line-of-sight (NLOS) conditions and can be implemented for localization without 
hardware modification. The fingerprinting method matches on-line RSS samples with the 
off-line RSS samples in the radio-map to estimate localization results with a fingerprinting 
algorithm [15]. 

The existing fingerprinting algorithms can be generally classified into two classes, 
fingerprinting algorithms based on neighbor selection and machine learning. The neighbor 
selection-based fingerprinting algorithms comprise nearest neighbor, KNN and weighted 
K-nearest neighbors (WKNN) [16,17]. The neighbor selection-based algorithms outperform 
the machine learning-based algorithms on adaptability, but their performances are relative to 
reference point (RP) distribution, number of neighbors and so on [4]. The machine 
learning-based fingerprinting algorithms utilize artificial intelligence techniques, like artificial 
neural network (ANN) [18], support vector machine (SVM) [19] and fuzzy logic [20]. The 
performances of the machine learning-based fingerprinting algorithms depend on nonlinear 
mapping models that are trained with the radio-map in the off-line phase. If the radio signal 
propagation changes greatly, the nonlinear mapping models must be trained again with an 
updated radio-map. 

To the best of our knowledge, a drawback of existing fingerprinting algorithms is that they 
calculate a localization result by using an RSS mean sample [3,18-20], which fails to make use 
of all the available on-line RSS samples. Because usually multiple on-line RSS samples are 
collected at one location for calculating one localization result, in the process of calculating 
one RSS mean sample with the multiple on-line RSS samples, useful on-line RSS information 
can be lost. Thus, as one contribution of the paper, a matrix correlation (MC) algorithm is 
proposed to calculate one localization result with all the available on-line RSS samples for 
localization performance improvement. The other two contributions of this paper are proposed 
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as an error estimation (EE) method that is a strong solution to localization accuracy 
decreasement caused by an out-of-date radio-map. A radio-map built previously may be out of 
date due to variations of radio signal propagation [21-23]. The localization performance of the 
fingerprinting method decreases greatly by using such radio-map. However, collecting RSS 
data at all the RPs for updating the whole radio-map is a laborious and time-consuming task. 
The whole radio-map cannot be updated frequently. So the EE method is proposed to 
eliminate the influence of the out-of-date radio-map to some degree with greatly reduced RSS 
collection effort. 

Based on the analyses above, the three contributions of this paper are summarized as 
follows: 

First, a novel fingerprinting algorithm based on MC is proposed. The proposed MC 
algorithm not only employs all the collected on-line RSS samples in the form of an RSS matrix 
for making efficient use of available on-line RSS information, but also incorporates RSS 
variations of RPs into correlation computations for neighbor selection to obtain more accurate 
localization results. 

Second, an EE method is proposed to correct localization results of the MC algorithm with 
localization errors that are estimated by an ANN model. The ANN model is trained in the 
off-line phase with an easily updated database for saving great RSS update effort. When the 
ANN model is adapted according to radio propagation variations with easily updated training 
RSS data, through error corrections, the method will be consistently effective to reduce 
localization errors caused by an out-of-date radio-map and RP distribution. 

Third, the ANN model is not only used for nonlinear mapping, but also used for data fusion. 
A relationship exists between localization results and localization errors of neighbor 
selection-based algorithms, which is proved by the experimental results in this paper. In order 
to employ all the available information, the localization results of the MC algorithm and 
on-line RSS samples are fused together to estimate localization errors. 

The rest of the paper is organized as follows. In Section 2, related work is reviewed. The 
proposed MC fingerprinting algorithm and EE method for Wi-Fi indoor localization are given 
in detail in Section 3. Section 4 demonstrates experimental setup, experimental results as well 
as comparisons and analyses of experimental results and computational complexity. Finally, 
conclusions are drawn and ideas for future work are presented in Section 5. 

2. Related Work 

Although researchers have presented many classic fingerprinting algorithms like KNN, 
WKNN, ANN, SVM, and fuzzy logic, all of them calculate a localization result with a single 
RSS sample, usually an RSS mean sample. Because data similarities can be evaluated by 
correlation measurements [24,25], the proposed MC algorithm not only applies correlation 
measurements for matching RSS matrices with all the on-line RSS samples in the form of an 
RSS matrix, but also incorporates RSS variations of RPs into correlation computations to 
obtain accurate localization results. Thus, it can make use of the available RSS data more 
effectively than the classic fingerprinting algorithms mentioned above. 

In the area of fingerprinting-based localization, so far, no correlation measurement-based 
fingerprinting algorithm using RSS matrices has been presented, but Liu et al. [26] evaluated 
spatial correlations using correlation measurements in outdoor Wi-Fi fingerprinting 
localization. The spatial correlations between an RP and scanning points (SPs) nearby in the 
same micro cell were estimated. According to the correlation measurements, the SPs and their 
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RSS samples were selected to estimate the RSS samples of RPs, so an outdoor radio-map 
could be built quickly for outdoor fingerprinting-based Wi-Fi localization. 

Regarding the radio-map update, several methods have been proposed. An approach based 
on manifold co-regularization for radio-map update was proposed [21]. It adapted a previously 
learned mapping function between RSS samples and physical coordinates for latter time 
periods with only a small amount of new calibration data. The localization results in latter time 
period were estimated by a new mapping function. Yin et al. [22,23] presented a method of 
adaptive temporal radio-map for indoor localization. A few radio-frequency receivers were 
first placed at RPs to collect on-line RSS samples. The static radio-map was corrected by the 
on-line RSS samples using regression analysis. Then the static radio-map was compiled into a 
model tree for indoor localization. Wang et al. presented a dynamic radio-map construction 
method using ANN [27]. The method modeled the relationship between RSS samples at 
calibration points and those at RPs using an ANN model in the off-line phase. In the on-line 
phase, on-line RSS samples at RPs were updated by the ANN model using RSS samples 
collected at calibration points. A radio-map management method for localization was also 
proposed [28]. It first clustered RPs by using K-means clustering algorithm, and then sensors 
were deployed at clustering centers of these clusters to sense on-line RSS samples. Based on 
the on-line RSS data collected by the sensors at the clustering centers, RSS samples of all the 
RPs in the same cluster were updated with a propagation model. 

The difference between the methods for updating radio-map mentioned above and the 
proposed EE method is that the EE method corrects localization results with an error 
estimation model that is trained with an easily updated database instead of simply updating a 
static radio-map with newly collected RSS data. Thus, the proposed EE method can reduce 
localization errors not only caused by a static radio-map, but also caused by RP distribution. 
Other methods of estimating localization errors for Wi-Fi-based indoor localization have also 
been developed. Mitilineos et al. [29] presented a technique for localization accuracy 
improvement through modeling localization errors. The localization error function was 
modeled by a polynomial approximation, which was optimized by genetic algorithm. Using 
the error function, more accurate localization results could be obtained. Mathematical 
relations of statistical errors of RADAR system, number of neighbors and number and interval 
of RPs in linear distribution model were also analyzed [4]. Through evaluating the statistical 
errors, a more accurate and reliable RADAR system could be designed and accuracy 
requirements for LBSs could be guaranteed. However, polynomial approximations are limited 
concerning their accuracy and settings of mathematical operations for evaluating the statistical 
errors in linear distribution model are too ideal compared to practical indoor environments. 
Therefore, in this study, an ANN model that has been widely used for nonlinear mapping and 
data fusion in engineering is applied to estimate localization errors. The ANN model is trained 
by back-propagation (BP) algorithm in the off-line phase using an easily updated database to 
guarantee accuracy of estimating localization errors and real-time error estimations in the 
on-line phase. 

3. Error Estimation Method for Matrix Correlation Fingerprinting 
Localization 

3.1 Overview of Proposed Method 

As shown in Fig. 1, like the classic fingerprinting method, the proposed MC-EE fingerprinting 
method also has two phases, the off-line phase and on-line phase. 
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In the off-line phase, some training points are labeled for ANN training, RSS data and 
location coordinates of the training points are recorded in a training point database. The raw 
RSS samples of the training points are first arranged into RSS matrices. Using the RSS 
matrices, localization results are computed by the proposed MC algorithm and then 
localization errors of the training points can be obtained. The RSS data and localization results 
of the training points are inputted into an ANN model as inputs and the localization errors are 
used as outputs for the training of the ANN model. The ANN model is optimized by BP 
algorithm to approximate to the nonlinear relationship between its inputs and outputs. 

In the on-line phase, when a few on-line RSS samples are collected at a specific location, 
they are also arranged into an RSS matrix. Localization coordinates are first calculated by the 
same MC algorithm using the on-line RSS matrix, and then each on-line RSS value in the 
matrix and the localization coordinates are inputted into the trained ANN model to estimate 
localization errors. The localization coordinates calculated by the MC algorithm are corrected 
by the estimated localization errors. Thus, more accurate localization coordinates can be 
obtained after reducing localization errors that exist in the localization coordinates. 
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Fig. 1. Architecture of proposed method, where OL

,M Nrss  is an on-line RSS value collected from M th 

AP in N th on-line RSS sample 
 

3.2 Matrix Correlation Fingerprinting Algorithm 

3.2.1 Motivation of Matrix Correlation Fingerprinting 

Classic fingerprinting algorithms based on both neighbor selection and machine learning 
calculate localization coordinates using a single RSS sample. Regarding classic neighbor 
selection-based algorithms, both the RSS samples of each RP in the radio-map and multiple 
on-line RSS samples collected at one location are first averaged. RPs are selected for 
localization through matching the on-line RSS mean sample with the RSS mean sample of 
each RP. Machine learning-based algorithms train nonlinear mapping functions in the off-line 
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phase with RSS samples and location coordinates of RPs in the radio-map. In the on-line phase, 
after collecting multiple on-line RSS samples at one location, the RSS mean sample of the 
on-line RSS samples is usually inputted into the trained nonlinear functions to calculate 
localization coordinates. 

When only one single RSS mean sample is used for indoor localization, a great deal of 
useful RSS information can be wasted because multiple raw on-line RSS samples are averaged 
to calculate one single RSS mean sample. Thus, an on-line RSS sample matrix, which 
comprises all the on-line RSS samples collected continuously at one location, is used to 
calculate localization coordinates. The correlations between the on-line RSS matrix and 
created RSS matrices of the RPs are measured by the MC algorithm. Additionally, through 
incorporating RSS variations of RPs into correlation computations as weights, RPs with more 
stable RSS samples are selected for localization and therefore more accurate localization 
results can be obtained. 

3.2.2 Matrix Correlation Fingerprinting Algorithm Based on Neighbor Selection 

The proposed MC algorithm evaluates correlations between matrices using correlation 
coefficients (CCs) [24]. Correlation degree between an on-line RSS matrix and the RSS matrix 
of one RP is measured by a CC that ranges between -1 and 1. The CC is equal to −1 in the case 
of the perfect negative correlation and 1 in the case of the perfect positive correlation. As the 
CC approaches to zero, the two RSS matrices get closer to un-correlation. The closer the CC 
approaches to either −1 or 1, the stronger the correlation between the two RSS matrices. In this 
study, the RPs that correspond to the first maximum K  CCs should be selected for 
localization, so the proposed MC algorithm is also a neighbor selection-based fingerprinting 
algorithm. 

Let M , L  and N  denote the numbers of deployed APs, labeled RPs for establishing the 
radio-map and on-line RSS samples, respectively. Then N  on-line RSS samples are arranged 
into an on-line RSS matrix OLRSS  with dimensions of M N  as follows: 
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A total of L  RSS matrices with the same dimensions of M N  are created from RSS data 

of the L  RPs. RSS matrix RM
iR  of i th RP is denoted as: 
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The CC ir  denotes the correlation degree between the on-line RSS matrix OLRSS  and RSS 

matrix RM
iR  of i th RP in the radio-map, which is calculated by: 
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where OL
,m nrss  and RM

, ,m n iRSS  are elements in the m th row and n th column of matrix OLRSS  

and matrix RM
iR , respectively. OLRSS  and RM

iR  are the means of matrix OLRSS  and matrix 
RM
iR , respectively. 
After all the CCs are computed, they are sorted in descending order, which means the 

correlations between OLRSS  and RM , 1,2, ,i i LR  , are ranked in the same descending order. 
The RPs that correspond to the first K  CCs in the sequence are selected and their location 
coordinates are averaged to calculate a localization result. The calculation process is given by: 
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where   1 2_ , , , LMAX K r r r  is the set of the first K  maximum CCs, qs  and  ,x y  are 

location coordinates of q th selected RP and localization coordinates, respectively. 

In (3), term  2
RM RM
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 R  describes RSS variation degree of i th RP. If RSS 

samples of this RP vary greatly, then the value of the term is large and the value of ir  is small, 
which means the RP is not suitable for localization because of its unstable RSS samples. The 
probability of selecting this RP is small. Compared with KNN and WKNN algorithms, the 
proposed MC algorithm not only computes correlations between on-line RSS matrix and RSS 
matrices of RPs in the radio-map, but also incorporates RSS variations of RPs as weights into 
correlation computations. The RPs that contribute more to localization results can be selected 
accurately. Thus, the MC algorithm outperforms the KNN and WKNN algorithms that only 
calculate RSS distances between two RSS mean samples. 

3.3 Error Estimation Method Using Artificial Neural Network 

3.3.1 Motivation of Estimating Errors 

In the off-line phase, a static radio-map is established with a great number of RSS samples 
collected at RPs to describe the relationship between Wi-Fi radio signals and physical location 
coordinates. However, indoor radio signal propagation is time-varying, which may vary 
remarkably because of indoor structure and layout changes. Under such condition, The RSS 
samples measured in the on-line phase may considerably deviate from the RSS samples in the 
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static radio-map at the same locations. Using such radio-map for localization, fingerprinting 
algorithms perform poorly [21-23,27,28]. Additionally, regarding the neighbor 
selection-based fingerprinting algorithms, because localization results are obtained by 
averaging location coordinates of selected RPs, users at the locations that are not surrounded 
by RPs cannot be accurately located. The influences of RP distribution in indoor environments 
are unavoidable. Thus, the EE method aims to model localization errors caused by a static 
radio-map and RP distribution and reduce the negative influences on localization results. 

3.3.2 Artificial Neural Network Structure for Estimating Errors 

In this study, a multi-layer perceptron (MLP) network structure is applied for nonlinear 
mapping and data fusion [30-32], which is trained by BP algorithm. Considering its function 
approximation ability and computational complexity, the MLP network is constructed as a 
three layer network with one input layer, one hidden layer and one output layer. As shown in 
Fig. 2, the inputs of the MLP network are RSS data and localization coordinates calculated by 
the MC fingerprinting algorithm and the outputs of the MLP network are localization errors. 
Let M  and N  still denote numbers of APs and on-line RSS samples, respectively, so the 
number of the inputs is +2M N  that includes all the RSS values contained in the N  on-line 
RSS samples collected from M  APs and localization coordinates in X  axis and Y  axis. The 
outputs are localization errors in X  axis and Y  axis. 

Specifically, all the N  on-line RSS samples OL , =1,2, ,i i Nrss  are combined into an RSS 

vector OL OL OL
1 2, , , N  rss rss rss  as part of the inputs of the MLP network, where 

OL OL OL OL
1, 2, ,, , , , 1, 2, ,i i i M irss rss rss i N    rss . The RSS vector OL OL OL

1 2, , , N  rss rss rss  and 

localization coordinates  ,x y  are the inputs of the MLP network and localization errors 

 x y,   are the outputs of the MLP network. The nonlinear relationship between the inputs 

and outputs can be denoted by a nonlinear function  F   given as follows: 
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Fig. 2. Proposed MLP network structure for estimating localization errors, where M  and N  are the 

numbers of APs and on-line RSS samples, respectively 
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The outputs in layer l  of the MLP network for sample k  can be calculated by: 
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threshold of neuron j  in layer l , and  f   is the activation function. 

The errors in the output layer are computed and then are propagated backwards to update all 
the weights and thresholds of the MLP network. The updating process will be repeated until 
the maximum number of iterative epochs is reached or the total squared error of the MLP 
network becomes less than the expected value, which are set in the BP algorithm initialization. 
According to the BP algorithm, the weights and thresholds of the MLP can be updated by: 
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where ,j kd  is the expected output of neuron j ,   and   are the learning rates for updating 

weights and thresholds of the MLP network, respectively. Usually, the learning rates are 
adjusted adaptively to balance training time and stability. 

3.3.3 Error Estimation Method Using Artificial Neural Network 

In the off-line phase, weights and thresholds of the MLP network are optimized by BP 
algorithm using training point data, which include RSS samples and localization coordinates 
as inputs and localization errors as outputs. The detailed process of training the ANN model is 
shown in Fig. 3. 
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Fig. 3. Training of ANN model in the off-line phase 

 

Let  Tr Tr Tr Tr
1, 2, ,= , , , , =1,2, ,i i N ii i Q  RSS  rss rss rss , and  Tr Tr Tr, , =1,2, ,i i ix y i Q t , 

denote RSS training vectors and location coordinates of training points, respectively, where 
Q  is the number of training vectors for training the ANN model and 

Tr Tr Tr Tr
, 1, , 2, , , , ,= , , ,N i N i N i M N irss rss rss  rss  is the N th RSS sample received from M  APs contained 

in i th training vector. Then i th RSS training vector  Tr Tr Tr Tr
1, 2, ,= , , ,i i N ii   RSS rss rss rss  is first 

arranged into an RSS matrix. Using (3) and (4), CCs are computed between the RSS matrix 
and RSS matrices in the radio-map denoted by (2) to obtain localization results of the training 

points  Tr Tr Tr, , =1,2, ,i i ix y i Q p . Localization errors of the training points 

 Tr Tr Tr
x y, , =1,2, ,i i i i Q  e , are computed by (8): 

 
Tr Tr Tr , =1,2, ,i i i i Q  e t p                                               (8) 

 
According to (5), the nonlinear function can be denoted as (9), which has +2M N  inputs 

and 2 outputs, and it is trained with Q  training vectors by BP algorithm to obtain an optimized 
ANN model. 
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In the on-line phase, the process of estimating localization errors is shown in Fig. 4. When 

N  on-line RSS samples OL OL OL OL
1, 2, ,= , , , , 1,2, ,i i i M irss rss rss i N    rss , are collected by a user, 

they are arranged into an RSS matrix denoted by (1) and used to calculate the localization 
coordinates of the user  Te Te Te,x yp  using the MC fingerprinting algorithm described by 

(3) and (4). The localization coordinates  Te Te Te,x yp  and the on-line RSS vector 

OL OL OL
1 2, , , N  rss rss rss  are inputted into the optimized ANN model as a vector 

OL OL OL Te Te
1 2, , , , ,N x y  rss rss rss  to estimate the localization errors  Te Te Te

x y, e . Then, 

according to (8), the final localization coordinates  Te Te Te
F F F,x yc  are obtained through the 

error corrections given by: 
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Te Te Te
Fc = p + e                                                             (10) 
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Fig. 4. Process of error corrections in the on-line phase 

4. Experimental Results and Analyses 

4.1 Experimental Setup 

To evaluate the performance of the proposed MC-EE method, a typical office environment 
covering an area of 24.9m  66.4m was chosen as the experimental environment. For 
communication requirement, 9 Linksys WAP54G APs were deployed in the whole floor. As 
shown in Fig. 5, all the experiments were carried out in a part of the floor with dimensions of 
24.9m 28.0m and only 4 Linksys WAP54G APs were deployed in the experimental region. 
Installed a software program named NetStumbler, an ASUS A8F laptop was used to collect 
RSS samples with a sampling rate of 2 RSS samples per second. A total of 67 RPs with 1m 
gaps are chosen in the corridor and 300 RSS samples per RP were recorded to establish the 
radio-map. The experimental trajectory is from A to B along the 3m width corridor as marked 
with black stars in Fig. 5. 1500 RSS samples were collected at training points along the 
experimental trajectory for training the ANN model in the off-line phase. A total of 54 testing 
points (TPs) were chosen with 0.6m gaps along the experimental trajectory. The RSS data at 
training points and TPs were collected at the same time, which is different from the time when 
the static radio-map was built. 

 
Fig. 5. Experimental area plan 
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4.2 Localization Results of Matrix Correlation Fingerprinting Algorithm 

With RSS samples collected from the experimental area, the MC algorithm is compared with 
the WKNN algorithm with parameters N  and K  varying from 1 to 20, respectively. As the 
experimental results shown in Fig. 6, mean errors of the MC algorithm are generally less than 
those of the WKNN algorithm and the overall performance of the MC algorithm is much better 
and more stable than the performance of the WKNN algorithm. As parameter N  increases, 
the mean error of the WKNN algorithm does not decrease greatly in some cases, which means 
some newly added RSS samples are lost in the process of calculating RSS mean samples, so 
they do not have contribution to localization performance improvement. Fig. 6 also shows that, 
when parameter K  ranges from 5 to 11, the performance of the WKNN algorithm is better. 
But it is not easy to determine parameter K  in practical application. Compared with the 
WKNN algorithm, the performance of the MC algorithm is not as sensitive to parameter K  as 
that of the WKNN algorithm. It is easier to set a proper parameter K  to enable the MC 
algorithm a good performance. 
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(a) MC algorithm                                             (b) WKNN algorithm 

Fig. 6. Mean error surfaces of MC and WKNN algorithms with parameters N  and K  varying from 1 
to 20, respectively 

 

4.3 Results of Error Estimation Method Using Artificial Neural Network 

Fig. 7 shows that the localization results and errors of the MC and WKNN algorithms using 20 
RSS samples per TP with parameter K  is set equal to 7 and parameter N  is set equal to 2. In 
order to show the relationship between localization coordinates and errors better, the 
experimental results are sorted according to the order of TPs along the experimental trajectory. 
As shown in Fig. 7, the relationship between the localization coordinates and errors of the 
neighbor selection-based algorithms is caused by RP distribution and indoor structures and 
layouts. For example, at the second corner on the experimental trajectory from A to B, the 
performances of the algorithms become worse, because the radio signal propagation at the 
corner is usually more complicated than straight corridors. The localization coordinates in X  
axis greatly deviate from their real locations, which results in significant localization errors in 
X  axis in that area. Thus, the relationship can be employed by the proposed ANN structure to 
model the nonlinear function between the inputted RSS data and localization coordinates and 
outputted localization errors. 
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(a) MC algorithm                                                  (b) WKNN algorithm 

Fig. 7. Localization coordinates and errors of MC and WKNN algorithms 
 

Based on localization results computed by the MC algorithm when parameter K  is set 
equal to 7 and parameter N  is set equal to 2, localization errors are estimated by the proposed 
EE method using the ANN model. When parameter N  is set equal to 2, it means that 2 RSS 
samples collected within 1s per TP are used for localization to simulate the condition that a 
user moves along the experimental trajectory at a speed of 0.6m/s. The adopted ANN structure 
is a basic three-layer MLP with 20 inputs including 2 on-line RSS samples and localization 
coordinates in X  axis and Y  axis. The number of neurons in the hidden layer is three times of 
the inputs and the number of iterative epochs is set equal to 1000. Sigmoid function and linear 
function are selected as the activation functions for the hidden layer and output layer of the 
ANN model, respectively. 

The localization results computed by the MC and WKNN and the results after error 
corrections are shown in Fig. 8 and Fig. 9, respectively. The localization performance is 
obviously improved after the error corrections. The negative influence caused by the 
out-of-date radio-map is reduced. Once newly collected RSS samples for the ANN training are 
available, localization errors at training points are calculated. Then the ANN model is updated 
to precisely calculate on-line localization errors for error corrections. When the easily 
collected training point data is updated frequently, the EE method will consistently solve 
localization accuracy decreasement caused by the out-of-date radio-map. In addition, owing to 
the influences of RP distribution, the localization results in the beginning and the end of the 
experimental trajectory cannot approach to the real TPs. Also, at the corners of the corridor, 
the localization results are very inaccurate. However, after the localization results are 
processed by the trained ANN model, the corrected results are closer to their real locations and 
therefore more accurate localization results are obtained. The mean errors of the MC and 
WKNN in the test are 2.87m and 3.05m, respectively. By contrast, the mean errors of the 
MC-EE and WKNN-EE are 1.52m and 1.64m, respectively. 
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Fig. 8. Localization results of MC and MC-EE 
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Fig. 9. Localization results of WKNN and WKNN-EE 

 

4.4 Comparisons and Analyses of Localization Results 

With the radio-map and training point data, an ANN model of the same parameters as the 
ANN model for estimating localization errors is also trained as a machine learning-based 
fingerprinting algorithm for comparison. Using 5400 RSS testing samples, the mean error and 
error standard deviation of the ANN-based fingerprinting algorithm are 2.72m and 1.59m, 
respectively. Its performance is better than neighbor selection-based algorithms. As shown in 
Table 1, the mean errors of the KNN, WKNN and MC are 2.93m, 2.91m and 2.78m, 
respectively. Their error standard deviations are 2.02m, 2.03m and 2.04m, respectively. 
However, after the error corrections, the mean errors of the KNN, WKNN and MC are reduced 
to 1.63m, 1.59m and 1.49m, respectively, and their error standard deviations are reduced to 
1.09m, 1.11m and 1.10m, respectively. As the cumulative probability curves of these 
algorithms shown in Fig. 10, the cumulative probabilities of the KNN, WKNN and MC within  
localization error of 2m after the error corrections increase to 70.1%, 72.9% and 75.1% from 
39.3%, 40.9% and 42.3%, respectively. Within localization error of 3m, the cumulative 
probabilities of the corrected results can reach to 90.3%, 90.7% and 90.7%, respectively. 
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Fig. 10. Cumulative probabilities of various algorithms 

 
Table 1. Performance comparison of various algorithms 

Algorithms 
Mean Error  

(m) 
Standard 

Deviation (m) 
Accuracy  

within 2m (%)
Accuracy 

within 3m (%) 
KNN 2.93 2.02 39.3 59.0 

WKNN 2.91 2.03 40.9 59.7 
MC 2.78 2.04 42.3 65.4 

ANN 2.72 1.59 37.4 62.2 
KNN-EE 1.63 1.09 70.1 90.3 

WKNN-EE 1.59 1.11 72.9 90.7 
MC-EE 1.49 1.10 75.1 90.7 

 
In order to improve localization performance, researchers have proposed several 

state-of-the-art fingerprinting localization systems. For example, Feng et al. proposed an 
RSS-based localization system using compressive sensing (CS) [33]. The mean errors of the 
KNN and CS-based method in [33] were 1.8m and 1.5m, respectively. The mean error was 
reduced by 16.7%. Based on the combination of AP selection, local discriminant embedding 
and clustering analysis, Deng et al. proposed a system that extracted the most discriminative 
features for localization while reducing the energy consumption on mobile terminals [34]. The 
system could achieve a mean error of 1.71m in an office environment. Compared with a mean 
error of 2.37m computed by the WKNN in [34], the mean error was reduced by 27.8%. Zheng 
et al. proposed a semi-supervised Transferred Hidden Markov Model (TrHMM) to combine 
both labeled and unlabeled data for the model adaptation [35,36]. The model could provide 
accurate localization results with small calibration effort. In [35], cumulative probabilities of 
the TrHMM within localization error of 2m and 3m were about 25% and 15% higher, 
respectively, than those of the RADAR system, which applied KNN as its fingerprinting 
algorithm. Fang et al. proposed a localization algorithm based on discriminant-adaptive neural 
network (DANN) [37]. It extracted the useful information into discriminative components for 
network training. Cumulative probabilities within localization error of 4m computed by the 
DANN and WKNN in [37] were 88.6% and 79.6%, respectively. The cumulative probability 
of the DANN was 9.0% higher than that of the WKNN. 

By contrast, in this study, the mean errors of the KNN, WKNN and MC-EE are 2.93m, 
2.91m and 1.49m, respectively. Compared with the KNN and WKNN, the mean errors are 
reduced by 49.1% and 48.8% by the MC-EE, respectively. The cumulative probabilities of the 
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MC-EE within localization error of 2m and 3m are 35.8% and 31.7% higher respectively than 
those of the KNN. The cumulative probability of the MC-EE within localization error of 4m is 
21.2% higher than that of the WKNN. Therefore, the proposed system can improve 
localization performance more effectively than the mentioned state-of-the-art localization 
systems. However, it requires a training point database to train the ANN model for estimating 
localization errors, which needs extra data collection effort after establishing the radio-map. 

4.5 Complexity Analyses 

Let M , L , N , and K  denote the numbers of APs, RPs, on-line RSS samples collected at 
one location, and selected RPs, respectively. In this study, parameters M , L , N , and K  are 
set equal to 9, 67, 2, and 7, respectively. The number of neurons in the hidden layer is three 
times of the number of inputs. The comparison of on-line computational complexity for 
calculating each localization result is shown in Table 2. All the algorithms are run 10000 
times on a computer with 2.6GHz CPU and 2G RAM. Although the on-line computational 
complexity of the MC algorithm is highest among these neighbor selection-based algorithms, 
for i th RP, differences between each component in the RSS matrix of the RP and the mean of 

all these components  RM RM
, ,m n i iRSS R , where, 1,2, , ; 1,2, ,m M n N   , and its squared 

values denoted in (3) only need to be computed one time. The differences and their squared 
values of all the RPs can be stored in memory for following computations. As listed in Table 2, 
the averaged execution time of each algorithm is in millisecond-level, so the proposed MC 
algorithm and EE method can meet real-time computing requirements for mobile terminals. 

 
Table 2. Comparison of on-line computational complexity 

Algorithms Multiplication/division Addition Exp Time (ms)

KNN 2LM    2 1 2 2L M K    0 1.22 

WKNN 2 +2LM K   2 1 4 4L M K    0 1.23 

MC  3 2 2L MN       6 4 2 1L MN K   0 4.34 

ANN  3 2M M    3 2M M   3M  0.31 

KNN-EE  23 18 26M L M     23 18 2

22 2

M L M

L K

  

 
  3 2M   1.37 

WKNN-EE 
 23 18

26 2

M L M

K

  


  23 18 2

20 4

M L M

L K

  

 
  3 2M   1.49 

MC-EE 
 2 23 3 18

2 26

M N L MN

L

  


 2 23 6 18

4 2 22

M N L MN

L K

  

 
 3 2MN   4.45 

 
In this study, in order to establish the database called radio-map, a total of 300 67 20100   

RSS samples are collected, so it is difficult to update the whole radio-map frequently. 
However, only 1500 RSS samples along the experimental trajectory are collected at training 
points for training the ANN model, which is easily updated. Thus, negative influences of a 
static radio-map can be eliminated to a great degree by correcting localization results with the 
estimated localization errors. 
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5. Conclusions and Future Work 

In this study, an EE solution to radio-map update for Wi-Fi localization based on MC 
fingerprinting algorithm is proposed. Compared with classic fingerprinting algorithms that 
calculate localization results using on-line RSS mean samples, the proposed MC 
fingerprinting algorithm calculates localization results by using all the collected RSS samples 
and considering RSS variations of RPs for selecting RPs. Experimental results show that the 
MC algorithm is able to make efficient use of the on-line RSS data and outperforms the other 
neighbor selection-based fingerprinting algorithms, the KNN and WKNN. Based on the MC 
algorithm, an EE method using ANN model is also proposed for nonlinear mapping and data 
fusion. The ANN model fuses all the RSS values contained in the on-line RSS samples and 
localization results computed by the MC algorithm as its inputs and models the nonlinear 
relationship between these data and its outputs, localization errors. The ANN model is first 
trained in the off-line phase using a training point database. In the on-line phase, localization 
errors are estimated by the trained ANN model and used to correct the localization results. The 
training point database is also much easier to be updated than the whole radio-map. Thus, the 
experimental results demonstrate that the proposed MC-EE method can not only improve 
localization performance greatly, but also offer an effective solution to radio-map update. 

In the future, based on the idea of employing all on-line RSS samples, some other 
algorithms will be tested as fingerprinting algorithms in order to achieve higher localization 
accuracy. Also, the ANN model will be further optimized to estimate localization errors more 
precisely and other nonlinear mapping models will also be researched for estimating 
localization errors. 
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