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Abstract—With the increasing popularity of WLAN 

infrastructure, WiFi fingerprint based indoor positioning systems 

have received considerable attention recently. Much existing work 

in this aspect adopts classification techniques that match a vector 

of radio signal strengths (RSS) reported by a mobile station to 

pre-trained reference fingerprints sampled from different access 

points at different reference points with known positions. 

However, in the calculation of signal distances between different 

RSS vectors, existing techniques fail to consider the fact that equal 

RSS differences at different RSS levels may not mean equal 

differences in geometrical distances in complex indoor 

environment. To address this issue, in this paper, we propose a 

feature scaling based k-nearest neighbor algorithm (FS-kNN) for 

achieving improved localization accuracy. In FS-kNN, we build a 

novel RSS-level based feature scaling model, which introduces 

RSS level based scaling weights in the computation of effective 

signal distances between signal vector reported by a mobile 

station and reference fingerprints in a radio map. Experimental 

results show that FS-kNN can achieve an average location error as 

low as 1.70 meter, which is superior to existing work. 

 
Index Terms—feature scaling, fingerprint-based localization, 

indoor positioning system, k-nearest neighbor.  

 

I. INTRODUCTION 

NDOOR positioning has received great attention recently 

because position information is essential for providing 

location based services (LBS) [1], which offers intelligent 

services in various fields in the context of Internet of Things 

(IoT)[2-4]. For example, position based navigation has been 

used inside Copenhagen Airport [5]. Passengers there can use it 

to plan their paths inside the airport and to get expected 

information in an interactive way. Also, an indoor tracking 

system was deployed in Hartford hospital, which helps tracking 

expensive equipment and also assisting patients there to 

efficiently use medical resources in the hospital [6]. In addition, 

location aware advertising usually delivers location-specific 

coupons or discount information to customers based on their 

locations and interests [7]. However, indoor environments are 
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very complicated such that there usually exist many obstacles, 

such as walls, furniture, human beings, and consequently 

fluctuations of wireless signals because of multipath effects. 

These obstacles and the signal fluctuations at different scales 

can cause significant degradation in the accuracy of indoor 

positioning, which limits the usefulness and degree of 

comfortableness for providing practical LBS services. 

   One popular way to estimate a mobile user’s position in 

indoor environment is to use reference fingerprints based on 

WiFi signals (e.g., RADAR [8]). In general, there are two 

phases for a fingerprint based positioning algorithm: offline 

phase and online phase. During offline phase, a target 

environment is calibrated by performing a site-survey with a 

mobile station (MS). The whole area is typically overlaid with a 

set of predetermined grid points known as reference points 

(RPs) where sample data should be acquired. At each RP, many 

samples of radio signal strengths (RSS) from different access 

points (APs) are repeatedly collected. Each RP has a position 

known a priori. Then, a vector of mean RSS values associated 

with the position of the RP is recorded into a database known as 

a radio map. During online phase, an MS at unknown position 

reports its instantly sampled vector of RSS values from 

surrounding APs to a remote server. The server uses a pattern 

matching algorithm to estimate the current position of the MS 

and then returns the estimated position back to the MS. A 

commonly used pattern matching algorithm to estimate the 

position is the k-nearest neighbor (kNN) algorithm, which finds 

the k fingerprints with the minimum signal distances to the 

instantly reported RSS vector among different fingerprints in 

the radio map that the server locally stores. The first k reference 

points resulting in the minimum signal distances will be used to 

derive the estimated location. One big issue in kNN and also its 

variants (e.g., [9,10]) is that, in their calculation of signal 

distance, equal RSS distances are always equally treated. That 

is to say, equal RSS differences are assumed to account for 

equal geometrical distances. However, this may not be true in 

indoor environment. In reality, equal RSS differences at 

different RSS levels may often be caused by different 

geometrical distances, especially, in complex indoor 

environment. The performance of an indoor localization 

algorithm can be largely degraded if the impacts of RSS 

differences at different levels on positioning accuracy are not 

fully considered.   

 To address the above issue, in this paper, we first conduct 

two motivating experiments, which demonstrate that equal RSS 

differences at different RSS levels can have different levels of 

distinguishability in geometrical distances. Based on this 

observation, we propose a feature scaling based k-nearest 

neighbor algorithm (referred to as FS-kNN). The key idea 

behind FS-kNN is to assign different weights to the signal 

differences at different RSS levels (or called effective signal 
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distance) when estimating the similarity between two RSS 

vectors. We accordingly build a RSS-level-based feature 

scaling model for similarity comparison. For this model to 

work properly, during offline phase, we need to first calibrate a 

radio map, based on which simulated annealing is used to tune 

the RSS-level-based scaling weights required in this model. 

During online phase, we use this model to compute the 

effective signal distance between an instant RSS vector 

(reported by an MS) and each reference fingerprint in the radio 

map and then return the first k reference points resulting in the 

minimal effective signal distances, which are then used for the 

location estimation. Finally, we implement FS-kNN in real 

office environment on our university campus, where realistic 

measurements are performed. Experimental results 

demonstrate that FS-KNN can achieve an average location 

error as low as 1.70 meter, which is superior to existing work.  

 The rest of this paper is organized as follows. Section II 

reviews related work for indoor positioning. Section III first 

conducts two experiments to provide an intuitional observation 

behind our work, and then presents the key insights behind RSS 

based feature scaling model, and finally present the detailed 

design of our localization algorithm. Section IV reports the 

experimental setup and results for performance evaluation. 

Finally, Section V concludes this paper. 

II. RELATED WORK 

Existing work in the area of indoor positioning systems can 

be classified into two categories: specialized hardware based 

and existing infrastructure based. Specialized hardware based 

approaches need extensive deployment of additional location 

beacons, such as infrared [11], ultrasound [12], or RFID [13]. 

The advantage of these approaches is that the location beacons 

can be deliberately deployed at necessary density and optimal 

positions to achieve desired localization accuracy. However, a 

major drawback of these approaches is the high cost of 

deploying such specialized hardware at high density. Typical 

existing infrastructure based approaches use already-existing 

wireless signals in the air (or their combinations) as fingerprints 

for location estimation. Commonly used wireless signals for 

this purpose include WiFi [8,14], GSM [15], FM [10, 16], 

acoustic [17], and geomagnetic field [18]. In this paper, we 

focus on studying pre-existing infrastructure assisted 

localization approaches. 

 Use of wireless signals sampled from surrounding WiFi APs 

as fingerprints has been a popular approach for indoor 

localization because WiFi APs have been widely deployed for 

Internet access and further smart phones with WiFi interfaces 

are becoming more and more popular. The well-known 

RADAR location system [8] is the first work which uses WiFi 

signal based fingerprints for indoor localization. RADAR uses 

the k-nearest neighbor algorithm (kNN), which returns k 

reference points leading to minimum signal distances between 

instantly reported RSS vector at unknown position and 

reference fingerprints with known positions. Each reference 

fingerprint is a vector of mean RSSs sampled from different 

APs at a pre-determined reference point with known position. 

Ref. [8] shows that WiFi fingerprint based indoor localization 

can achieve mean location error of 3~4 meter. However, kNN 

has the following problems. First, it only uses a list of mean 

RSS values as a vector for fingerprint representation, which can 

lead to significant errors due to such simplified representation 

of wireless signal characteristics [19]. Second, it uses absolute 

signal distance between different RSS vectors for physical 

distance estimation. However, the k fingerprints leading to the 

minimum signal distances may not be the k reference points 

with the minimum physical distances.   

 Use of sophisticated matching algorithms to improve the 

positioning accuracy has received some attention. Youssef et al. 

[20] estimates the probability for the signal vector reported by 

an MS to be each candidate position (fingerprint) in the radio 

map and then returns that leading to the best likelihood. They 

assume that the RSSs sampled from different APs follow 

independent identical distribution. So they built a radio map 

which is considered to follow a priori conditional probability 

distribution and used Naïve Bayes Classifier (NBC) to choose 

the reference point resulting in the best likelihood. The 

advantage of NBC is that it uses probability density distribution 

of RSS samples as fingerprint instead of mean RSS. They 

reported that their system has an error of less than 0.6 meter on 

average. However, their system requires a large number of 

samples to be collected during offline phase to build an 

accurate probability distribution of RSS samples for a better 

positioning performance. Some other approaches in this aspect 

consider the fact that accurate distribution of wireless signal is 

too complex to be modelled mathematically. Battiti et al. [21] 

proposed to use a flexible model based on non-linear 

discriminant functions (neural networks) for position 

estimation. During offline phase, a radio map is adopted as 

input to train a multi-layer perceptron network (MLP) with one 

hidden layer. After training of the MLP, a hidden layer weight 

matrix is obtained. During online phase, a reported vector of 

RSSs is multiplied by the trained weight matrix, and then added 

with the input layer bias. The output of the system is the 

estimated location of the MS. One advantage of this method is 

that its implementation does not depend on Gauss distribution 

of RSS samples.  This method was reported to achieve location 

accuracy within 1.69 meter in 50% of the time. 

 Use of additional wireless signals (e.g., [10,22]) can help 

improving the positioning accuracy. Chen et al. [10] proposed 

to jointly use FM and WiFi signals to generate fingerprints for 

indoor localization. Their system achieves a room level 

accuracy up to 83% correct matches in three representative 

buildings. Liu et al. [22] designed a peer assisted localization 

system. They built a graph using relative position obtained 

based on acoustic ranging measurement among neighbor 

phones and then map the relative graph onto a coarsely-grained 

radio map using WiFi fingerprints for joint localization. The 

system was reported to reduce 80-percentile error to one meter. 

However, their system requires a central server to schedule the 

acoustic transmissions and to determine the locations of all 

peers. Furthermore, the accuracy of this localization system 

relies on the number of assisting phones and their moving 

speeds. 

 Training a more informative radio map for target 

environment [9,23] can also help improving the positioning 

accuracy. The COMPASS positioning system [9] is aimed to 

improving the accuracy of kNN algorithm by alleviating the 

impact of orientations of mobile users. It jointly uses the IEEE 

802.11 infrastructure and digital compasses available on 
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mobile phones to sample the RSS values of surrounding WiFi 

APs in each of the eight different orientations. Accordingly, 

each reference point is associated with eight fingerprints, one 

for each orientation. This method achieves improved position 

accuracy at the cost of more offline sample collection time and 

also hardware requirements for reference fingerprint 

generations. Kaemarungsi et al. [23] found the RSS value from 

an AP detected at the same location varies with time. Such 

change is often caused by changes (e.g., human movement) in 

target environment. They suggested that the radio map 

calibration process should be done at several different times of 

a day to improve the positioning accuracy. Obviously, these 

improvements come at the cost of manpower and training time.   

Feature scaling has also been used for reducing the impact of 

hardware variations on localization performance [24] or for 

calculating the signal distance between signal vectors 

constituent of composite signals [10]. In [24], Mengual et al. 

designed a fingerprint-based method for mobile station 

localization, where they applied feature scaling to normalize all 

the RSS measurements collected in the offline phase to mitigate 

the effect of hardware differences of mobile stations on the 

radio map calibration, which could degrade the localization 

performance if not well addressed. In [10], Chen et al. proposed 

to use FM and WiFi signals together to create fingerprints with 

independent sources for indoor localization. They applied 

feature scaling to integrate these two signals together. For this 

purpose, they assigned different weights to these two types of 

signals when computing the strength of a composite signal. 

Different from the above mechanisms, in this work, we shall 

apply feature scaling to better characterize the relationship 

among signal difference, signal level, and geometrical distance 

in order to achieve improved localization performance. 

III. PROPOSED ALGORITHM 

In this section, we first conduct two motivating experiments 

to explore the relationship among RSS level, signal distance, 

and physical distance. We then build a RSS level based feature 

scaling model to characterize the above relationship and 

accordingly propose the design of our FS-KNN algorithm.  

A. Motivating Experiments 

    In this subsection, we investigate the impacts of several 

distance-related properties of wireless signals on localization 

accuracy. For this purpose, we conduct two experiments. 

Specifically, Experiment I is to explore the relationship 

between mean RSS and geometrical distance. Experiment II is 

to explore the relationship between standard deviation of RSS 

and geometrical distance.   

Both experiments were conducted on the corridor of the third 

floor in the Science and Research Building on the campus of 

University of Chinese Academy of Sciences. The corridor has a 

dimension of 45m by 1.5m. Along the corridor, 30 different 

referent points (RPs) were selected along a line with one meter 

space between each pair of neighbor RPs. An AP was deployed 

along the line and it is located one meter away from one 

endpoint RP and its emitted signals were used for the 

experimental study. The RPs are numbered from 1 to 30 as the 

distance being away from the AP. We collected 50 RSS 

samples at each RP with a testing mobile phone, which was 

always held in the same orientation.   

1) Experiment I 

Fig. 1 shows the relationship between mean RSS and 

distance. In Fig. 1, each point (circle) represents the mean RSS 

value received by the mobile phone at each corresponding RP 

and the fitting curve reflects the relationship between mean 

RSS and distance. From the fitting curve, it can be seen that as 

distance increases, the mean RSS decreases. Furthermore, it is 

also seen that the slope of the curve has a decline trend as 

distance increases. The decrease in slope will cause decreased 

differentiability in signal levels as the distance from the signal 

source increases. Therefore, signal strength based vectors using 

mean RSS values can have reduced differentiability as the 

distance away from signal source increases. Furthermore, we 

had also conducted similar tests with changing parameters (e.g., 

changing the position of the AP, and increasing the distance 

between neighbor RPs, etc.) and the results obtained are similar. 

Also, the result reported here is consistent with that reported by 

Small et al. in [25].  

Table I further shows the RMSE (root mean square error) of 

the mean RSS values in different distance ranges relative to the 

fitting curve in Fig. 1. The results show that the RMSE has a 

varying  trend as distance increases, which leads to varying 

differentiability in signal levels as the distance increases. 

 

Figure 1. Relationship between mean RSS values and distance.  

 
TABLE I 

RMSE OF MEAN RSS VALUES IN DIFFERENT DISTANCE RANGES AWAY FROM 

THE SIGNAL SOURCE. 
Distance ranges 

(meter) 
1-5 6-10 11-15 16-20 21-25 26-30 

RMSE 2.97 2.66 1.85 4.26 3.28 3.32 

 

2) Experiment II 

This experiment is to explore the relationship between 

standard deviation of RSS values and distance. In Fig. 2, each 

point (circle) represents the standard deviation of the RSS 

samples collected at the corresponding RP and a fitting line is 

plotted to reflect the average changing trend of the standard 

deviations versus distance. The degree of correlation between 

the standard deviations and distance is characterized by using 

the Pearson correlation coefficient R, which is calculated by 

using (1).  
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where Xi and Yi represent distance and standard deviation, 

respectively, ��  and ��  represent the average distance and 

average standard deviation, respectively, and n represents the 

number of samples.  For Fig. 2, R is 0.63, which suggests that 

standard deviation and distance are relatively strong correlated. 

Fig. 2 shows a trend that the farther away from the signal source, 

the smaller the standard deviation will be. 24 other APs (at 

unknown positions) were also used to generate linear 

regression plots like that in Fig. 2. Among the 24 fitting plots, 

20 have correlation coefficients > 0.5, while the other four have 

correlation coefficients about zero.   

 
Figure 2. Relationship between standard deviations of RSS and distance. 

 

In [26], Komal et al. showed that RSS in indoor environment 

generally follows left-skewed Gaussian distribution and their 

simulation results showed that the larger the standard deviation 

is, the larger the positioning error will be. Based on the results 

in Experiment II and Kamol’s results, it seems that the farther 

the distance away from the signal source, the smaller the 

standard deviation is, and thus the smaller the positioning error 

will be. This judgment seems to be opposite to the results in 

Experimental I.  

Based on the above experiments, it is seen that localization 

accuracy is largely impacted by several factors with opposite 

trends. Furthermore, it is seen that equal RSS differences at 

different RSS levels do not necessarily mean equal distances in 

reality. Based on this observation, in this paper, we propose to 

introduce RSS level based scaling weight as an additional 

feature to enrich the fingerprint-based localization for 

improved localization accuracy and accordingly build a RSS 

level based feature scaling model. 

B. RSS based Feature Scaling Model 

In this subsection, we present the design of RSS based feature 

scaling model, which works to calculate the effective signal 

differences between different signal vectors, in order to better 

estimate geometrical distances between RSS vectors with such 

signal distances.  

Before presenting how the model works, let us first introduce 

some symbols and preliminary knowledge to be used later. The 

matrix in (2) represents a radio map calibrated during the offline 

training phase for fingerprint based localization.  

 

�
��

����,�, … , ����,� , … , ����,�…����,�, … , ����,� , … , ����,�…����,�, … , ����,� , … , ����,��
��                                          (2) 

 

An item ����,�  in (2) represents the mean RSS value 

received at the m-th RP and from the l-th AP, 1≤ m ≤M, 1≤ l ≤L, 

where M and L represent the number of RPs and the number of 

APs, respectively. The m-th row represents the fingerprint 

associated with the m-th RP, which has known location 

(coordinate). Let (����…��� …����)  represents a RSS 

vector reported by a mobile station for localization, where ���  

represents the RSS value received from the x-th AP by the 

mobile station. 

In the classical kNN algorithm, the signal distance between 

the newly reported signal vector and the m-th fingerprint in (2), 

denoted by dm, is calculated as follows.  

 

!� = �∑ (����,� − ����)#��$�  ,                              (3) 

 

After computation of the signal distance to each fingerprint in 

(2) by using (3), all the fingerprints (i.e., reference points) are 

then sorted according to their signal distances (similarity) to the 

currently reported RSS vector in the increasing order. The 

positions (coordinates) of the former k RPs (also known as the k 

nearest neighbors) are then weighted averaged as the estimated 

position of the mobile station.  

In (3), it is seen that the calculation of signal distances in kNN 

only considers absolute RSS difference, which are irrelevant to 

the actual RSS levels. In such calculation, equal RSS distances 

are always equally treated. However, in reality, wireless signals 

are sampled from different APs at different distances. Based on 

our observations in the preceding subsection, it is seen that equal 

RSS distances at different RSS levels may be caused by 

different physical distances in reality. Therefore, how to address 

this problem to achieve improved localization performance is a 

critical issue in fingerprint based localization. 

In this paper, we introduce RSS-level-based scaling weight 

as a new scaling feature for calculating effective signal 

differences when computing the similarity between different 

signal vectors. Let !�′  represent the effective signal distance 

between an instantly reported RSS vector and the RSS vector 

(fingerprint) associated with the m-th RP, then it can be 

calculated as follows.  

 

 !�′ = �∑ (����,� − ����)#×%(����)��$�  ,           (4) 

 

The newly introduced scaling weight function %(⋅) 
represents the amount of effective RSS distance to which one 

unit of RSS change at the RSS level of RSSl is equivalent and its 

value changes with the actual RSS value. The effective signal 

distance returned by (4) is expected to better characterize the 

relationship between actual signal distance and geometrical 
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distance due to the introduction of the RSS level based scaling 

feature.   

The scaling weight function w(⋅) plays a key role in the 

feature scaling model. In a complex indoor radio environment, it 

is very hard to give a closed form expression for w(⋅).  To handle 

such a situation, in this paper, we simply divide the entire RSS 

space into n (n≥1) equal intervals and then try to find one 

constant scaling weight for each interval via extensive 

measurement and tuning. When n = 1, Equation (4) degenerates 

to (3) and FS-KNN degenerates to the classical kNN. 

Consequently, we define the RSS-level-to-scaling-weight 

mapping as a step function as follows. 

 %(&) = ∑ '()((&)*($�                                     (5) 

 

where x is real RSS value, w(x) returns the scaling weight for 

effective signal difference at RSS value x. Let Ai represent the 

i-th RSS interval, 1≤i≤n. αi is the coefficient for interval Ai and 

χi(x) is the indicator function of interval Ai. We have 

 

)((&) = +1, & ∈ .(0, & ∉ .( , 1≤i≤n                                  (6) 

 

For instance, consider that a mobile station receives a RSS 

value x, which falls into interval Ai. Based on (6), χi(x) equals to 

one and all other χj(x), j ≠ i, equal to zero. Then the computed 

result w(x) equal αi, which is the scaling weight for RSS value x 

for the computation of effective signal distance in (4).  How to 

tune the values of the scaling coefficients αi, ∀i, will be 

discussed later. 

C. FS-kNN 

FS-kNN consists of two phases: offline phase and online 

phase. During the offline phase, a target environment is 

calibrated by performing a site-survey with a mobile station 

with WiFi interface. The target area is then overlaid with a set of 

RPs where sample data are collected. At each RP, many samples 

of RSSs from different APs are repeatedly collected. A two 

dimensional matrix like that in (2) is then built as a radio map for 

the target area. This procedure is similar to the classical kNN 

algorithm. 

FS-kNN enhances the classical kNN in the following two 

aspects. First, in the offline phase, FS-kNN trains not only a 

radio map, but also a RSS level based feature scaling model with 

tuned scaling weights. Second, in the online phase, it uses the  

tuned scaling weights into the calculation of effective signal 

distances between  RSS vector reported by mobile station and 

each available reference fingerprint for finding the k nearest 

neighboring fingerprints for location estimation.  

To this end, the key problem becomes how to properly tune 

the values of n and αi (∀i) in (4)-(6). In practice, we can adjust 

the number of intervals n and also the interval coefficients {α1, 

α2, …, αn} to achieve high positioning accuracy. The number of 

RSS intervals n represents the granularity of the scaling function 

w(⋅). In general, the smaller the granularity is, the better w(⋅) is 

expected to represent the relationship between the RSS 

changing rate and also RSS difference at different RSS levels. 

Also, more intervals also mean larger searching space in the 

implementation of SA and possibly better location accuracy. 

Here, we first assume the number of intervals n is a small 

constant (e.g., n=10) (we will also explore how the change of n 

affects the localization performance later) and concentrate on 

how to tune the coefficient/weight for each interval, which is 

typically a parameter optimization issue and has many possible 

solutions across many different parameters. If no a priori 

knowledge regarding which intervals are important is known, it 

will be difficult, if not impossible at all, to select good 

parameters for tuning the scaling weights. In this paper, 

stochastic optimization techniques are typically used for 

addressing such issue. In this paper, simulated annealing (SA) 

[27] is used to tune the coefficients. Fig. 3 gives a flowchart in 

FS-KNN for the coefficient tuning. From Fig. 3, it is seen there 

are three components in the flowchart: representation, 

evaluation, and optimization, which are carried out iteratively 

for the tuning until certain pre-determined condition(s) are 

satisfied. The output of a preceding component will be the input 

of the next component. In the optimization component, some 

coefficients are changed randomly and then fed into the next 

iteration. The iterative calculation continues until the total 

number of iterations reaches a pre-determined number or certain 

pre-determined condition(s) are satisfied or certain other 

conditions are met. The details regarding how each of the 

components works are presented as follows.   

 
Figure 3. Flowchart for feature scaling coefficient tuning in FS-kNN. 

 

Representation. FS-kNN can be represented by two major 

components: The radio map calibrated during offline phase and 

the RSS based feature scaling model. To properly tune the 

weights for the feature scaling model, here, the holdout method 

[28] is used, which divides the radio map into two sets: a 

training set and testing set. The training set corresponds to the 

reference points (fingerprints) with known coordinates for 

localizing mobile station at unknown position. The testing set is 

used for iteratively evaluating the performance of adjusted 

coefficients obtained in each iteration. After obtaining a new 

set of coefficients, the testing set is fed into the feature scaling 
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model to produce estimated coordinate for each element in the 

set.   

Evaluation. For each set of coefficients obtained, we shall 

evaluate its resulting performance by computing the sum of 

location errors, denoted by cost, as follows. 

 

  1234 = 	∑ �(&( − &( ′)# + (7( − 7(′)#�($�  ,           (7) 

 

where (&( , 7() is the actual coordinate of the i-th element in the 

testing set, (&(′ , 7(′) is its estimated coordinate, m1 is the total 

number of elements in the testing set. It is worthy noting that the 

so-called RPs in the testing set are actually considered as 

unknown positions during the evaluation process. The larger the 

sum, the higher the localization inaccuracy is. Obviously, the 

coefficients that make cost = 0 are the ideally optimal solution. 

Optimization. Simulated annealing (SA) is used to search for 

new coefficients resulting in better accuracy. SA uses a variable 

as the temperature for the cooling schedule, which will become 

lower and lower during iterative calculations. In each iteration, 

some of the coefficients are randomly changed. If the new cost 

is smaller, the new set of coefficients become the current 

coefficients. If not, the new coefficients can still become the 

current coefficients with certain probability p, which is 

calculated as follows.  

 

8 = 9�	 ∆;<=>>?@A?BC>DB?, if ∆cost ≥0 ,                                        (8) 

 

where ∆cost represents the difference between the new cost 

and the optimal minimal cost thus far. 

This process continues until the iteration number reaches a 

pre-determined maximum number or certain pre-determined 

conditions are met. 

The time complexity of FS-kNN in the online phase 

(represented by Equation (4)) is O(M×L), where M and L 

represent the number of RPs and the number of APs, 

respectively. The time complexity of FS-kNN in the offline 

training phase (see Fig. 3) is O(M×L×N×K), where N is the size 

of the testing set, K is the number of iterations in simulated 

annealing for tuning the coefficients of FS-kNN. Therefore, it 

can be seen that the time-consuming process in FS-kNN only 

needs to be executed offline and one time. How long this 

process takes actually does not affect the usage of the 

localization algorithm in the online phase. 

 

IV. PERFORMANCE EVALUATION 

In this section, we evaluate the performance of FS-kNN by 

comparing it with RADAR and NBC in real office 

environment. 

A. Experimental Setup 

We conducted experiment in a real office located on the 3rd 

floor of Science-and-Research Building on the campus of 

University of Chinese Academy of Sciences, Beijing. Fig. 4 

shows the layout of the office in the experiment.  The office has 

a dimension of 12m by 6m, a total area of 72 m2. It has brick 

structure with four windows and one door in the wall. There are 

17 sets of desks and chairs in the office. The movement of 

human being in the office is infrequent.  21 RPs were selected 

as training set with 1.5m space. 112 RPs were selected as the 

testing set with 0.5m space. All RPs are distributed on 7 by 19 

grids. In Fig. 4, the large black dots represent RPs in the 

training set and other remaining grid intersections represent the 

RPs in the testing set. This step ensures that the testing set and 

the training set are separated enough to be consistent with 

realistic application scenarios. At each RP, we sampled the RSS 

values 50 times. Further, the tester’s orientation is always 

limited to the west direction. During preparation of the radio 

map, for those missing data (i.e., APs not detected at some RPs), 

we substituted all such missing RSS values by -100 dBm in 

both the training set and the testing set. In the implementation 

of all the three algorithms, this choice leads to improved 

location accuracy. Note that -100 dBm is much smaller than the 

minimum RSS sampled in both sets.  In the process of 

coefficient tuning using SA, the maximum iteration number 

was set to 5000. We had also tested other settings of maximum 

iteration number and we found that the positioning error 

changes (decreases) insignificantly when the iteration number 

exceeds 5000. 

We used a Samsung mobile phone G9100i as the mobile 

station for the measurement. We further programed the 

software which scans the surrounding APs periodically and 

returns a list of Scan Result objects asynchronously. Each Scan 

Result contains the details retrieved for each access point 

detected, including its MAC address, signal strength, and etc. 

All the APs are pre-existing (before our experiment) in the 

target environment and their positions and hardware types are 

unknown. 16 different APs were detected during the 

measurement. 

 
Figure 4. The layout of the office in our experimental study. 
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TABLE II 
MEAN LOCATION ERROR BY DIFFERENT ALGORITHMS. 

Algorithms FS-kNN RADAR NBC 

Mean Location Error 

(meter) 
1.70 3.13 (1.84×) 2.62 (1.54×) 

 

B. Experimental Results 

Next, we shall evaluate the performance of FS-kNN by using 

the following measures: positioning accuracy and precision and 

impact of RSS interval number. 

1) Positioning Accuracy and Precision 

In this test, we compared the performance of FS-kNN with 

RADAR and NBC. In our experiments, all the server-side 

programs of these three algorithms were implemented by using 

R language [29] on a PC with Intel Core i5-2400 CPU and 4 GB 

RAM. Similar to RADAR, in FS-kNN, the number of nearest 

neighbors k was set to 2, which was reported to achieve high 

performance under this setting [8]. In this test, the number of 

RSS intervals was set to 30. We used positioning accuracy and 

precision as the key measures for performance evaluation. 

Positioning accuracy represents the mean location error 

deviated from the real position. Positioning precision is 

characterized by the distribution of the location errors. 

Table II compares the average location errors by different 

algorithms. In Table II, it is seen that the mean location error by 

FS-kNN is 1.70 meter. In comparison, the mean location error 

by RADAR and that by NBC are 3.13 and 2.62 meter, 

respectively. That is, the average location error by RADAR and 

that by NBC are 1.84 and 1.54 times, respectively, that by 

FS-KNN. 
 

 

Figure 5. CDF of location errors by different algorithms. 

 

 

 

 

TABLE IV 
IMPACT OF NUMBER OF RSS INTERVALS. 

Number of RSS Intervals 5 10 15 20 25 30 

Average Location Error 

(meter) 
1.81 1.76 1.75 1.75 1.71 1.70 

 

Fig. 5 compares the cumulative distribution function (CDF) 

of location errors by different algorithms. Obviously, FS-kNN 

has the best performance among the three algorithms in terms of 

positioning precision. The curve by RADAR and that by NBC 

are close to each other. Consider the 80th percentile, FS-kNN has 

a location error of under 2.5 meter. In comparison, in this case, 

the location error by RADAR and that by NBC are 4.7 and 3.6 

meter, respectively. 

For convenience, we further show the coefficients for the 30 

intervals for the FS-kNN curve drawn in Fig. 5 in Table III.  

Note that, the entire RSS range [-100 dBm, -45 dBm] was 

equally divided into 30 intervals, which are numbered from 1 

through 30, starting from the interval with the lowest RSS. Also, 

it should be pointed out that, different runs of FS-kNN 

implementations may produce different sets of coefficients and 

also very minor variation in location accuracy due to the 

randomness in the implementation of Simulated Annealing. 

Furthermore, as can be seen in Table III, the coefficients vary 

non-monotonically as the mean RSSs change. 

2) Impact of RSS Interval Number 

In this test, we investigated how the performance of FS-kNN 

is affected by the number of RSS intervals. Table IV presents 

the positioning accuracy due to different settings of RSS interval 

number. In Table IV, it is clearly seen that as RSS interval 

number increasing from 5 to 30, the average location error by 

FS-KNN drops from 1.81 to 1.70 meter. Thus, increasing RSS 

interval number leads to slightly increased location accuracy.  

In summary, from the above experimental results, it is clearly 

seen that FS-kNN outperforms RADAR and NBC. We had also 

conducted similar experiments in other indoor environment, the 

results are similar and all of them demonstrate the superiority of 

FS-kNN. 

V. CONCLUSION 

In this paper, we studied the design of efficient fingerprint 

based indoor localization algorithm.  For this purpose, we first 

conducted two experiments, which demonstrate that equal RSS 

differences at different RSS levels can be caused by different 

physical distances, a feature not considered in the calculation of 

signal distances in classical kNN algorithm. From this 

observation, we constructed a RSS level based feature scaling 

model and accordingly proposed a feature scaling based k 

TABLE III 

COEFFICIENTS OF DIFFERENT RSS INTERVALS FOR THE FS-kNN CURVE SHOWN IN FIG. 5. 

Interval IDs 1 2 3 4 5 6 7 8 9 10 

Coefficients 1.21 4.33 5.16 6.85 2.78 1.09 1.11 5.55 3.45 3.89 

Interval IDs 11 12 13 14 15 16 17 18 19 20 

Coefficients 7.19 9.84 9.82 7.70 8.31 6.05 7.48 9.97 4.01 7.04 

Interval IDs 21 22 23 24 25 26 27 28 29 30 

Coefficients 3.99 4.10 1.64 8.93 3.78 9.62 6.69 7.06 9.71 4.07 
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nearest neighbor algorithm (FS-kNN) for improved localization 

performance. Experiment results showed that FS-kNN 

outperforms existing algorithms in terms of localization 

accuracy and precision. FS-kNN is useful in the provisioning of 

many indoor IoT applications. 
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