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Seoul National University 

 

Anchor-free indoor localization technique is very attractive in disaster relief 

applications because it does not need any anchors. However, the existing 

anchor-free localization methods have limited performance since they do not 

consider positioning error from indoor walls and high mobility of nodes. In this 

paper, we propose an RSSI-based indoor anchor-free localization scheme, 

which utilizes pre-surveyed data on target area to reduce localization error 

caused by the walls. First, we propose a heuristic localization scheme based on 

weighted subgraph matching algorithm, which matches the reported RSSI 

values from nodes with the pre-surveyed data. Then, we determine expected 

region of nodes with the reported speed values from nodes so as to realize 

localization for a node with high mobility. Furthermore, we utilize the recursive 

location filtering method that estimated locations outside the expected region 

are filtered out, which ensures robust and fast localization. The simulation 

results show that, compared with other techniques not utilizing anchors, the 
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proposed scheme significantly improves the localization accuracy and reduces 

the time to find locations of all nodes. 

 ······································································································  
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Chapter 1 

Introduction 

 

When emergency situations (e.g., fire, gas leakage, terrorism, etc.) occur in a 

building, in order to evacuate people to an exit or to rescue sufferers, a fast and 

accurate indoor localization technique is required. Most of studies on indoor 

localization techniques are anchor-based methods [1], which utilize multiple 

infrastructures called anchors (e.g. WiFi APs). Anchors have positional 

coordinates which are needed to obtain the absolute position of a target node. 

However, in the disaster situation, anchors may not be operative due to blackout 

or damage, so that the anchor-based localization techniques are unable to be 

utilized. 

To estimate the location without relying on anchors, anchor-free 

localization (AFL) methods and trajectory matching (TM) methods have been 

proposed. The basic approach of AFL is to construct a network geometry by 

estimating the distances between any two nodes, on the basis of measurement 

results on received signal strength indicator (RSSI) or time of arrival (TOA). 

However, since there is no anchor with absolute position coordinate, the 

network geometry-based scheme can merely provide the relative positions of 

nodes (not their absolute positions) because of the symmetry and rotation 

property of geometry [2]. To obtain the absolute positions of target nodes, the 

authors in [3] proposed an indoor AFL scheme which utilizes an indoor floor 

plan. 
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Since the AFL schemes in [2] and [3] do not consider penetration loss from 

indoor walls, they may get low accuracy or even fail to realize localization in 

indoor environment. The studies assume that the distance measurement based 

on RSSI or TOA has small and predictable errors with Gaussian or uniform 

distribution. However, the empirical test results in [4] show that a wireless 

signal is severely and unpredictably attenuated when it penetrates walls (e.g., 

16 ~ 34 dB for a wall with 50 cm concrete at 2.4 GHz frequency band). 

According to [5], a line of sight path can be undetectable due to wall presence, 

which causes major error in the estimation of TOA. For these reasons, RSSI or 

TOA values in indoors cannot stand for the distance between two nodes, so that 

the geometry may not represent actual locations of nodes or even cannot be 

constructed. Meanwhile, for the emergency situations, since some people 

cannot move due to injury or isolation while others can walk or run fast for 

escape, localization techniques should be able to estimate the positions of both 

static nodes and dynamic nodes with high mobility. However, the AFL schemes 

in [2] and [3] assume that all nodes are static or move below the pre-defined 

maximum speed. Thus, the locations of nodes with the high mobility may not 

be estimated. 

On the other hand, instead of exploiting the measurement from wireless 

signal, the TM methods utilize trajectories of mobile nodes and a floor plan [6]. 

First, each node obtains the moving direction and distance by using pedestrian 

dead reckoning (PDR) techniques [7], and builds a trajectory. Then, the node 

checks whether the trajectory is matched with the floor plan, which has paths 
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that the node can follow [8], [9]. As a result, the location of the node can be 

estimated as time goes on by the accumulated moving path without utilizing 

anchors. However, the location of a static node cannot be acquired. Moreover, 

if the target area consists of open space (e.g., wide hall or room without walls), 

it may spend much time to estimate the location of a moving node. 

In this paper, we propose an RSSI-based anchor-free indoor localization 

scheme that finds the absolute locations of all static and mobile nodes in a target 

area without utilizing any anchor. Unlike the traditional AFL methods, our 

method considers the signal attenuation from indoor walls and the nodes with 

high mobility. For the disaster relief applications, if a room or space in which a 

person is located is found, the important location-aware services such as 

guiding to exit can be efficiently provided. Specifically, we concentrate on 

estimating the locations of all nodes within a short time and with a high 

accuracy. 

In the proposed scheme, the target indoor area is divided into several grids, 

especially on the basis of the walls in the floor plan. A centralized server has 

pre-surveyed data on the RSSI values between a pair of the grids and the paths 

where a node can follow. Each node periodically reports to the server both RSSI 

and speed values. Then, we propose a heuristic localization scheme based on 

weighted subgraph matching algorithm. The locations can be estimated by 

matching the reported RSSI values with the pre-surveyed RSSI values, which 

can significantly reduce positioning errors from the penetration loss. 

Furthermore, we determine the expected regions using both estimated locations 
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of the nodes at previous period of time and the currently reported speed values 

from the nodes. In addition, we propose a recursive location filter, which filters 

out the estimated locations outside the expected regions. By using the filter, our 

scheme can guarantee fast and robust localization. 

The remainder of this paper is organized as follows. We describe the 

system model and the pre-surveyed data in the next section. In Section III, we 

state the problem to solve and present the localization algorithm in details. 

Some numerical results and discussions are presented in Section IV. Finally, the 

paper is concluded with Section V. 
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Chapter 2 

System Description 

 

A. System Model 

 

Figure 1. Floor plan with the pre-surveyed path graph (𝐾 = 30) 

 

Considering the COST231 multi-wall-floor model [10] and the fact that 

mobility of a node is restricted by the surrounding walls, the walls can be an 

important factor for the RSSI-based indoor localization. Thus, we divide the 

target indoor area into several grids especially based on the walls. 

We consider 𝑀  nodes deployed in a single-floor area of 𝐾  square 

shaped grids, as exemplified in Fig. 1. When an emergency situation occurs, in 

order to estimate the locations of nodes, the server sends an emergency message 

to the nodes within the target area through a wireless wide area network 

(WWAN) such as cellular network. After receiving the message, each node 

exchanges wireless signals (e.g., WiFi beacon) with the neighboring nodes for 

obtaining the RSSI values from them, and measures its moving speed using the 
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embedded sensors. For node 𝑎, let 𝑣𝑎
(𝑡)

 be the moving speed at time 𝑡, 𝑅𝑎
(𝑡)

 

be a set of the measured RSSI values at time 𝑡. 𝑅𝑎
(𝑡)

= {𝑟𝑎,𝑏
(𝑡)

|𝑏 ∈ 𝒩𝑎
(𝑡)

, 𝑎 ≠ 𝑏} 

where 𝑟𝑎,𝑏
(𝑡)

 is the measured RSSI value of wireless signal transmitted from 

node 𝑏, and 𝒩𝑎
(𝑡)

 is the set of all neighboring nodes of node 𝑎 at time 𝑡. 

Any node 𝑎 reports 𝑣𝑎
(𝑡)

 and 𝑅𝑎
(𝑡)

 to the server every 𝜏 seconds, where 𝜏 

is the localization interval. 

Using the reported data, the server generates the 𝑀 × 𝑀  RSSI matrix 

𝑹(𝑡) and 1 × 𝑀 speed vector 𝑽(𝑡). Before constructing 𝑹(𝑡), 𝑟𝑎,𝑏
(𝑡)

= −∞ if 

𝑏 ∉ 𝒩𝑎
(𝑡)

, which means that the node 𝑎 and 𝑏 cannot hear the radio signals 

transmitted from each other. Let both �̅�𝑎,𝑏
(𝑡)

 and �̅�𝑏,𝑎
(𝑡)

 be the average of 𝑟𝑎,𝑏
(𝑡)

 

and 𝑟𝑏,𝑎
(𝑡)

, and thus �̅�𝑎,𝑏
(𝑡)

= �̅�𝑏,𝑎
(𝑡)

. Then, 𝑹(𝑡) is constructed as, 

𝑹(𝑡) =

[
 
 
 
  �̅�1,2

(𝑡)
⋯ �̅�1,𝑀

(𝑡)

�̅�2,1
(𝑡)

 ⋯ �̅�2,𝑀
(𝑡)

⋮ ⋮ ⋱ ⋮

�̅�𝑀,1
(𝑡)

�̅�𝑀,2
(𝑡)

⋯  ]
 
 
 
 

 . (1) 

𝑹(𝑡) is a symmetric matrix, and the diagonal elements of 𝑹(𝑡) are not defined. 

Thus, 𝑹(𝑡) can be represented as an undirected weighted graph1 without self-

                                           
1 A weighted adjacency matrix is used to store adjacency and edge weights of a 

labeled weighted graph. Hereafter the term graph means the labeled weighted graph, 

and is used interchangeably with the (weighted adjacency) matrix. 



- 7 - 

 

loops. Meanwhile, the speed vector 𝑽(𝑡) with 𝑀 elements is constructed as 

𝑽(𝑡) = (𝑣1
(𝑡)

, 𝑣2
(𝑡)

, … , 𝑣𝑀
(𝑡)

). 

After building 𝑹(𝑡) and 𝑽(𝑡), the server estimates the locations of the 𝑀 

nodes by matching them with the pre-surveyed RSSI matrix ℙ and the pre-

surveyed path matrix ℚ. 

 

B. Pre-surveyed Data Collection: Constructing ℙ and ℚ 

 
 

Figure 2. The points where the pre-surveyed RSSI values are measured. 

(a) is the case of two different grids and (b) is that of a single grid. 

 

In order to run the localization scheme, both pre-surveyed data of RSSI values 

between any pairs of the grids and the paths that a node can travel for each grid 

should be collected into the server. Let 𝑝𝑖,𝑗  denote the pre-surveyed RSSI 

value between grid 𝑖 and 𝑗, and �̅�𝑖,𝑗 be the mean Euclidean distance between 

a node in grid 𝑖 and another node in grid 𝑗. As seen in Fig. 2(a), 𝑝𝑖,𝑗(𝑖 ≠ 𝑗) 

is measured at the two center points since �̅�𝑖,𝑗 is equal to ‖𝒄𝑖 − 𝒄𝑗‖, where 𝒄𝑖 

is the positional coordinate of the center point of gird 𝑖. Meanwhile, as shown 

in Fig. 2(b), if two nodes are located in the same grid 𝑖, �̅�𝑖,𝑖 = 0.5214𝑙 [11] 
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where 𝑙 is a side length of the square shaped grid. Thus, 𝑝𝑖,𝑖 is collected at 

two points 𝒙  and 𝒚 , which satisfy ‖𝒙 − 𝒚‖ = �̅�𝑖,𝑖  and ‖𝒙 − 𝒄𝑖‖ = ‖𝒚 −

𝒄𝑖‖ = �̅�𝑖,𝑖 2⁄ . After collecting the pre-surveyed RSSI values for all pairs of the 

grids, both �̅�𝑖,𝑗 and �̅�𝑗,𝑖 are calculated as the average of 𝑝𝑖,𝑗 and 𝑝𝑗,𝑖. Note 

that �̅�𝑖,𝑗 = �̅�𝑗,𝑖 . Then, the 𝐾 × 𝐾 pre-surveyed RSSI matrix ℙ, which is a 

symmetric matrix and can be also represented as an undirected weighted graph, 

is constructed as 

ℙ = [

�̅�1,1 �̅�1,2 ⋯ �̅�1,𝐾

�̅�2,1 �̅�2,2 ⋯ �̅�2,𝐾

⋮ ⋮ ⋱ ⋮
�̅�𝐾,1 �̅�𝐾,2 ⋯ �̅�𝐾,𝐾

] . (2) 

As seen Fig. 1, the paths where a node can follow are surveyed at the center 

point of each grid because the mean location of a node in a grid is the center 

point. Let ℚ denote 𝐾 × 𝐾 pre-surveyed path matrix as 

ℚ = [

𝑞1,1 𝑞1,2 ⋯ 𝑞1,𝐾

𝑞2,1 𝑞2,2 ⋯ 𝑞2,𝐾

⋮ ⋮ ⋱ ⋮
𝑞𝐾,1 𝑞𝐾,2 ⋯ 𝑞𝐾,𝐾

] , (3) 

where the elements take binary values of 1 or 0. When a node can move from 

grid 𝑖 to grid 𝑗, 𝑞𝑖,𝑗 = 1, otherwise 𝑞𝑗,𝑖 = 0. 
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Chapter 3 

Proposed Localization Algorithm 

 

The proposed anchor-free localization algorithm is invoked with the period of 

𝜏 and consists of three parts. The localization task, after being activated, is 

progressed over multiple periods until the algorithm finds a single solution. The 

first part of our algorithm is to find the candidate locations of all 𝑀 nodes 

based on the weighted subgraph matching algorithm. The second one is to 

derive the expected regions using the estimated locations of the nodes at the 

previous localization time. The last part is the recursive location filtering, which 

filters out the candidate locations outside the expected regions. 

 

A. Problem Statement 

Let 𝑿𝑎
(𝑡)

 represent the location of node 𝑎 at time 𝑡. When 𝑥𝑎,𝑖
(𝑡)

 is a binary 

variable having the value of 1 if the node 𝑎 is located in grid 𝑖 at time 𝑡, 

𝑿𝑎
(𝑡)

= [𝑥𝑎,1
(𝑡)

   𝑥𝑎,2
(𝑡)

   ⋯   𝑥𝑎,𝐾
(𝑡)

]. There is a constraint that ∑ 𝑥𝑎,𝑖
(𝑡)

= 1𝐾
𝑖=1 , since 

a node can be located only at a single grid at a time. The locations of all 𝑀 

nodes at time 𝑡 are represented as a 𝑀 × 𝐾 location matrix 𝑿(𝑡) as follows,  

𝑿(𝑡) =

[
 
 
 
 𝑿1

(𝑡)

𝑿2
(𝑡)

⋮

𝑿𝑀
(𝑡)

]
 
 
 
 

=

[
 
 
 
 𝑥1,1

(𝑡)
𝑥1,2

(𝑡)
⋯ 𝑥1,𝐾

(𝑡)

𝑥2,1
(𝑡)

𝑥2,2
(𝑡)

⋯ 𝑥2,𝐾
(𝑡)

⋮ ⋮ ⋱ ⋮

𝑥𝑀,1
(𝑡)

𝑥𝑀,2
(𝑡)

⋯ 𝑥𝑀,𝐾
(𝑡)

]
 
 
 
 

 , (4) 
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where 𝑿(𝑡) ∈ 𝒜 and 𝒜 is the set of all possible location matrices for the 𝑀 

nodes and the 𝐾 grids, as 

𝒜 = { 𝑿(𝑡) | ∑  

𝑀

𝑎=0

∑𝑥𝑎,𝑖
(𝑡)

= 𝑀,

𝐾

𝑖=0

 ∑𝑥𝑎,𝑖
(𝑡)

= 1,  𝑥𝑎,𝑖
(𝑡)

∈ {0,1}

𝐾

𝑖=0

} . (5) 

Then, the problem is equivalent to finding all assignments of 𝑥𝑎,𝑖
(𝑡)

. Since  𝑿(𝑡) 

is represented as the grids in which all 𝑀 nodes are located, the locations of 

all nodes are calculated simultaneously in unit of the grid resolution. 

 

B. Constructing Candidate Location Matrices 

 

Figure 3. Example of matching 𝑹(𝑡) to the subgraph 𝒁 of ℙ to determine 

whether 𝑿(𝑡) can be a candidate location matrix 

  

Given the reported RSSI matrix 𝑹(𝑡) and the pre-surveyed RSSI matrix ℙ, the 

locations of the nodes can be found by using the weighted common subgraph 

matching algorithm [12] since 𝑹(𝑡) can be a part of the ℙ. The basic concept 
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of the weighted common subgraph matching algorithm is finding the parts of 

large graph that match with a small graph. Each part can be found by comparing 

the vertices and edges of the small graph and those of subgraphs in the large 

graph. Thus, if graph 𝑹(𝑡) is similar to a subgraph with 𝑀 vertices of graph 

ℙ, then graph 𝑹(𝑡) corresponds to the subgraph, and the candidate locations of 

the nodes can be the vertices of the subgraph. 

Let us consider a 𝑿(𝑡). For given 𝑿(𝑡), the subgraph of ℙ is calculated 

as 𝒁 =  𝑿(𝑡)ℙ(𝑿(𝑡))
T
. Then, 𝑿(𝑡) represents vertices of both graph ℙ and 

graph 𝒁. The reasons are as follows. Let 𝑧𝑎,𝑏 be the element in 𝑎-th row and 

𝑏-th column of 𝒁. As illustrated in Fig. 3, if 𝑥𝑎,𝑖
(𝑡)

= 1 and 𝑥𝑏,𝑗
(𝑡)

= 1, then 𝑧𝑎,𝑏 

is assigned from �̅�𝑖,𝑗 , which means that vertex 𝑎  and 𝑏  of graph 𝒁 are 

assigned from vertex 𝑖  and 𝑗  of graph ℙ , respectively. Here, since the 

vertices of graph ℙ are indexes of the grids, it can be said that the vertex 𝑎 

and 𝑏 of graph 𝒁 can stand for grid 𝑖  and 𝑗 , respectively. Based on the 

property, for given 𝑿(𝑡), in order to show which pair of two vertices of graph 

ℙ  are assigned to two vertices of graph 𝒁 , we define an index matching 

function I as, 

I(𝑎, 𝑏) = (𝑖, 𝑗), (6) 

where 1 ≤ 𝑎 ≤ 𝑀, 1 ≤ 𝑏 ≤ 𝑀 , and 1 ≤ 𝑖 ≤ 𝐾 , 1 ≤ 𝑗 ≤ 𝐾 . Since 𝑧𝑎,𝑏  is 

assigned from �̅�𝑖,𝑗 according to (6), it can be said that if �̅�𝑎,𝑏
(𝑡)

 is similar to the 

value of 𝑧𝑎,𝑏, i.e., �̅�𝑖,𝑗, then node 𝑎 and 𝑏 may be located at grid 𝑖 and grid 
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𝑗 , respectively. The similarity between �̅�𝑎,𝑏
(𝑡)

 and 𝑧𝑎,𝑏  is determined by a 

function U as follows, 

U(𝑎, 𝑏) = {

1, if �̅�𝑎,𝑏
(𝑡)

= −∞,  𝑧𝑎,𝑏 = −∞ or                                                 

 �̅�𝑎,𝑏
(𝑡)

≠ −∞,  𝛿𝑙𝑜𝑤(I(𝑎, 𝑏)) < 𝑧𝑎,𝑏 − �̅�𝑎,𝑏
(𝑡)

< 𝛿𝑢𝑝(I(𝑎, 𝑏))

0, otherwise,                                                                                  

 (7) 

where if �̅�𝑎,𝑏
(𝑡)

 and 𝑧𝑎,𝑏  are similar to each other, the function U takes the 

value of 1, otherwise 0. For a pair of nodes that can hear the radio signals 

transmitted from each other (�̅�𝑎,𝑏
(𝑡)

≠ −∞) , the marginal lower-bound and 

upper-bound are added for compensating the errors caused by several reasons, 

which are denoted by 𝛿𝑙𝑜𝑤(𝑖, 𝑗) and 𝛿𝑢𝑝(𝑖, 𝑗), respectively.  

Let us describe the details of the lower-bound and upper-bound in (7). 

Even though �̅�𝑎,𝑏
(𝑡)

 is obtained from node 𝑎 at grid 𝑖 and node 𝑏 at grid 𝑗, 

�̅�𝑎,𝑏
(𝑡)

 may not be equal to 𝑧𝑎,𝑏(= �̅�𝑖,𝑗). The reasons are as follows: the two 

nodes may not be located at the points where the pre-surveyed RSSI value is 

collected, and RSSI can be fluctuated due to the time varying channel (e.g., 

shadowing and multipath effects). As seen in Fig. 2, let 𝑑min𝑖,𝑗
 and 𝑑max𝑖,𝑗

 

denote the minimum and maximum Euclidean distances between a node in grid 

𝑖 and another node in grid 𝑗, respectively. Then, based on the assumption that 

the server has information on 𝑑min𝑖,𝑗
 and 𝑑max𝑖,𝑗

, 𝛿𝑙𝑜𝑤(𝑖, 𝑗) and 𝛿𝑢𝑝(𝑖, 𝑗) 

are calculated as the differences of the path loss due to the differences between 

both 𝑑min𝑖,𝑗
 and �̅�𝑖,𝑗 and between both 𝑑max𝑖,𝑗

 and �̅�𝑖,𝑗, respectively, as 
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𝛿𝑙𝑜𝑤(𝑖, 𝑗) = max (0,  10𝛾 log 𝑑min𝑖,𝑗
) − 10𝛾 log �̅�𝑖,𝑗 − 𝜖 , (8) 

𝛿𝑢𝑝(𝑖, 𝑗) = 10𝛾 log 𝑑max𝑖,𝑗
− 10𝛾 log �̅�𝑖,𝑗 + 𝜖 , (9) 

where γ is path loss exponent and ϵ is a factor of time varying channel. When 

𝜎  is standard deviation of shadow fading and 𝛼  is a non-negative value 

considering additional RSSI fluctuation, 𝜖 = 𝜎 + 𝛼. The initial value of 𝛼 is 

set to zero. Since the path loss under 1 meter is not defined, the minimum path 

loss for 𝑑min𝑖,𝑗
 is set to zero. 

Note that 𝑿(𝑡) can be a candidate location matrix if 𝑹(𝑡) is similar to 𝒁 

using (5). As seen in Fig. 3, since 𝑹(𝑡) and 𝒁 are symmetric matrices and the 

diagonal elements of 𝑹(𝑡)  are not defined, only strictly upper triangular 

elements of 𝑹(𝑡) and 𝒁 are compared element-wise using a function G as 

G(𝑿(𝑡),  𝑹(𝑡),  ℙ) = ∑ U(𝑎, 𝑏)

1≤𝑎<𝑏≤𝑀

 . (10) 

The output of G is the number of the strictly upper triangular elements of 

𝑹(𝑡) and 𝒁 which are similar to each other. Thus, if the output of G equals to 

𝑁𝑠𝑡𝑟 = 𝑀(𝑀 − 1) 2⁄ , which is the total number of strictly upper triangular 

elements of 𝑹(𝑡) or 𝒁, then 𝑿(𝑡) becomes the candidate location matrix. Let 

𝐂(𝑡) be the set of all candidate location matrices at time 𝑡 as 

𝐂(𝑡) = {𝑿(𝑡)|𝑿(𝑡) ∈ 𝒜,  G(𝑿(𝑡),  𝑹(𝑡),  ℙ) = 𝑁𝑠𝑡𝑟} . (11) 

However, if the reported RSSI values are affected by large shadowing or 

multipath effects in a moment, |𝐂(𝑡)| can be zero. In that case, in order to 
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increase the range to determine the similarity, 𝛼 ← 𝛼 + 2 until |𝐂(𝑡)| ≥ 1. If 

|𝐂(𝑡)| ≥ 1, then 𝛼 is set to zero again. 

 

C. Constructing Expected Region Matrices 

 
 

Figure 4. Example of calculating the expected region matrix 

 

The expected region is constructed based on the assumption that the movement 

of the nodes follows a motion model in [13], which simulates the movement of 

people when emergency situations occur. Using a grid-based approach, the 

motion model defines moving direction of nodes as left, right, forward, and 

backward. However, since the model does not consider the nodes moving at 

high running speed, we takes only the configurations for moving direction in 

the model. As seen in Fig. 4, for each node, the number of grids to go through 

during moving (i.e., hop) is determined according to the moving speed and 

current location of the node. Then, the node moves towards the one or more 

consecutive grids which are selected based on the pre-surveyed path. 

Let us describe the details on constructing the expected region matrix. For 

node 𝑎, when the reported speed of node 𝑎 at time 𝑡, 𝑣𝑎
(𝑡)

, is given, the 

maximum number of hops that the node can move is calculated as ℎ𝑎
(𝑡)

=
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⌈𝜏𝑣𝑎
(𝑡)

𝑙⁄ ⌉, where 𝜏 is the localization update interval. Note that ℚ is the pre-

surveyed path matrix described in Section II-B. Let 𝑭𝑎
(𝑡)

 be the 1 × 𝐾 

expected region matrix for node a at time 𝑡, as 

𝑭𝑎
(𝑡)

= { 
𝑿𝑎

(𝑡−1)
ℚℎ𝑎

(𝑡)

, ℎ𝑎
(𝑡) ≥ 1

𝑿𝑎
(𝑡−1)

,         ℎ𝑎
(𝑡)

= 0
 (12) 

where 𝑿𝑎
(𝑡−1)

 represents the location of node 𝑎 at the previous localization 

time 𝑡 − 1 . Let 𝑓𝑎,𝑖  be the element in i-th column of 𝑭𝑎
(𝑡)

. In order to 

represent each element of 𝑭𝑎
(𝑡)

 as a boolean expression, the maximum value 

of 𝑓𝑎,𝑖  is set to 1 as 𝑓𝑎,𝑖 ← min (1,   𝑓𝑎,𝑖) for 1 ≤ 𝑖 ≤ 𝐾 . If 𝑓𝑎,𝑖  takes the 

value of 1, it is expected that node 𝑎 may be located in grid 𝑖 at the time 𝑡, 

otherwise it may not. 

    Let 𝐒(𝑡−1)  be the set of solution location matrices at the previous 

localization time 𝑡 − 1. Remind that 𝑽(𝑡) is the reported speed vector for all 

nodes at time 𝑡 . For given 𝑿(𝑡−1) ∈ 𝐒(𝑡−1) , 𝑭(𝑡) , which is the 𝑀 × 𝐾 

expected region matrix for all nodes at time t, can be constructed with a function 

F, as follows 

F(𝑿(𝑡−1),  𝑽(𝑡),  ℚ) =

[
 
 
 
 𝑭1

(𝑡)

𝑭2
(𝑡)

⋮

𝑭𝑀
(𝑡)

]
 
 
 
 

= 𝑭(𝑡) (13) 

Let 𝐄(𝑡) denote the set of all expected region matrices for all nodes at time 𝑡, 

as 
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𝐄(𝑡) = {F(𝑿(𝑡−1),  𝑽(𝑡),  ℚ) | 𝑿(𝑡) ∈ 𝐒(𝑡−1)} . (14) 

At initial localization time, since information on the initial locations of nodes 

are unknown, the set 𝐄(0) has one element, which is an 𝑀 × 𝐾 matrix whose 

all elements are 1. 

 

D. Recursive Location Filter 

The proposed algorithm filters out the current candidate locations outside the 

expected regions. Whereas, if a current candidate location is inside one of the 

expected regions, the candidate location becomes a solution of the filter at that 

time. As mentioned before, 𝐒(𝑡)  is the set of the feasible solution location 

matrices at time t, and can be represented as follows. 

𝐒(𝑡) = {𝑿(𝑡)|𝑿(𝑡) ∈ 𝐂(𝑡), 𝑭(𝑡) ∈ 𝐄(𝑡), 𝑿(𝑡) ∧ 𝑭(𝑡) = 𝑿(𝑡)} . (15) 

In (15), the filtering procedure is represented as the elementwise logical AND 

operation ∧ between the current location matrix 𝑿(𝑡) and the expected region 

matrix 𝑭(𝑡). If 𝑿(𝑡) ∧ 𝑭(𝑡) is equal to 𝑿(𝑡), 𝑿(𝑡) is included in 𝑭(𝑡). Then, 

𝑿(𝑡) becomes a solution location matrix at time 𝑡. 

The proposed algorithm is summarized in Algorithm 1. The algorithm is carried 

out recursively until a single solution is found. That is, if |𝐒(𝑡)| = 1 , the 

element in 𝐒(𝑡) is the final solution. However, a candidate location matrix in 

(11) can be derived only if 𝑀 ≤ 𝐾, since 𝑹(𝑡) must be a part of ℙ. For this 

reason, we define the maximum number of nodes in a group as 𝑀max which 

satisfies 𝑀max ≤ 𝐾. If 𝑀 > 𝑀𝑔𝑟𝑜𝑢𝑝, the nodes are separated into 𝑁𝑔𝑟𝑜𝑢𝑝 =
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⌈𝑀 𝑀max⁄ ⌉ groups. For group 𝑛, it has 𝑀𝑛 nodes, where 𝑀𝑛 ≤ 𝑀max and 

∑ 𝑀𝑛 = 𝑀
𝑁𝑔𝑟𝑜𝑢𝑝

𝑛=1 . Then, the algorithm runs for each group in parallel. 

 

Algorithm 1 Proposed anchor-free indoor localization scheme at time 𝑡 

1: 

2: 

3: 

4: 

5: 

6: 

7: 

8: 

9: 

10: 

11: 

12: 

13: 

 

14: 

Acquire 𝑹(𝑡), 𝑽(𝑡) from 𝑀 nodes ; 

𝛼 ← 0 ; 

𝐂(𝑡) ← ∅ ; 

while |𝐂(𝑡)| = 0 do 

Construct 𝐂(𝑡) by matching 𝑹(𝑡) with graph ℙ ; 

if |𝐂(𝑡)| = 0 then 

     𝛼 ← 𝛼 + 2 ; 

  end if 

end while 

Generate 𝐄(𝑡) with 𝐒(𝑡−1), 𝑽(𝑡), and ℚ ; 

Construct 𝐒(𝑡) by filtering out the elements of 𝐂(𝑡) using 𝐄(𝑡) ; 

if |𝐒(𝑡)| = 1 then 

   Finish the localization task while returning the element in 𝐒(𝑡) 

as the final solution ; 

end if 
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Chapter 4 

Performance Evaluation 

 

A. Simulation Setting 

To evaluate the performance of the proposed scheme, we set the environment 

presented in Fig. 1, which is 18 m × 60 m wide and divided by 6 m × 6 m 

grids with the l of 6 m. The localization update interval 𝜏 is set to 1 second so 

that the reporting and the location estimation are conducted every 1 second. 5, 

10, 15, 20, and 100 nodes are randomly deployed, and 𝑀max is set to 20. Thus, 

the measurements for the 100 nodes are collected from the 5 groups consisting 

of 20 nodes per group. The nodes operate on 2.4 GHz frequency band, and the 

path loss model is based on COST231 Multi-Wall-Floor path loss model [10] 

where the path loss exponent is 3.5, standard deviation of log-normal 

shadowing is 8 dB, and all wall attenuation factors are 21 dB, which is 

penetration loss for a 25-cm-thick concrete wall [14]. To model the disaster 

situation, 20% of the nodes cannot move for the injury (0 m/s), another 20% of 

the nodes move at high running speed (5 ~ 10 m/s) for escape, and the other 60% 

of the nodes move at walking or low running speed (1 ~ 4 m/s). The moving 

direction of the nodes is based on the motion model in [13], which assumes that 

people move toward the exit with relatively high probability. Since the main 

entrance of the target area is hidden, the nodes move around within the target 

area during the entire simulation time. 
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We compare the performance of our scheme with those of indoor anchor-

free absolute localization method in [3] which is called AFAL and trajectory 

matching method in [9] which is called TM. AFAL builds a network geometry 

with distance measurements, which are obtained without considerations on 

penetration loss from indoor walls. In addition, AFAL utilizes a pre-surveyed 

path graph to obtain the absolute positions of nodes. Since AFAL defines the 

maximum speed of the nodes, we set the maximum speed to 10 m/s for a fair 

comparison. Meanwhile, TM constructs a trajectory by measuring moving 

direction and distance of a node, and matches the trajectory to a pre-surveyed 

path graph. We compare the performances of the three schemes for the ten 

deployed nodes. Since the location of static nodes cannot be found with TM, 

the results of TM are collected only for the eight moving nodes excluding two 

stationary nodes. The following results are obtained from 5000 simulation runs. 

 

B. Simulation Result 

 

Figure 5. CDF of time consumed to derive a final solution 
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# of nodes 

Proposed scheme AFAL TM 

5 10 15 20 100 10 8 

Mean (sec.) 9.12 6.26 3.27 1.53 2.17 27.29 24.29 

Std. (sec.) 10.04 7.39 4.32 1.91 3.08 18.97 12.36 

Localization 

failure ratio 
0.01 0.01 0.00 0.00 0.00 0.93 0.27 

 

Table 1. Statistical characteristics of the time consumed to derive a final solution 

 

Fig. 5 shows CDF of the consumed time until finding a final solution. As 

observed from the figure for the case of 10 nodes, the proposed scheme gets the 

solution within much short time that AFAL and TM. In addition, the results of 

the proposed scheme show that as the number of nodes in a group,  

(𝑀 < 𝑀max), increases, the probability to find the locations within a short time 

becomes higher. This is because as the dimension of 𝑹(𝑡) becomes larger, the 

number of the similar subgraphs in P can be reduced. Meanwhile, if a final 

solution is not derived within 60 seconds, the corresponding location search is 

referred to as failure, otherwise success. As seen in Table 1, the proposed 

scheme have much lower localization failure ratio, compared with AFAL and 

TM. Since AFAL does not consider the signal attenuation from the walls, the 

scheme would scarcely construct the network geometries. For TM, since the 

trajectories should be accumulated, the corresponding locations cannot be 

found immediately, and the consumed time for searching the locations increases 

as the target area is symmetrical or composed of the open spaces. 
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Table 2. Definition of error types 

 

To assess the localization accuracy, we present four criteria as follows. The 

first one is a total error ratio. If a node is actually located at grid 𝑖 but the 

estimated grid is 𝑗, such that 𝑖 ≠ 𝑗 the node is referred to as an error node. 

Then, the total error ratio is defined as the ratio of the number of solutions with 

one or more error nodes to the number of successful localization searches. The 

second criterion is a critical error ratio. The definition of the critical error is 

described in Table 2, where the error types are classified based on the 

assumption that the localization error in the adjacent open area is not critical 

for the disaster relief applications. Then, the critical error ratio is defined as the 

ratio of the number of critical error nodes to the total number of error nodes. 

The third one is a localization error that is only for an error node. We regard the 

error as Euclidean distance between the center point of actual grid 𝑖 and that 

of the wrongly estimated grid 𝑗 , ‖𝒄𝑖 − 𝒄𝑗‖ . The last one is a critical 

localization error, which is the localization error counted only for the nodes 

with the critical error. 

Error type Actual grid Estimated grid 

Non-critical error 
Aisle or lobby 1-hop error on the aisle or lobby 

Room 1-hop error on the same room 

Critical error 

Aisle or lobby 
Over 2-hop error on the aisle or lobby 

Room 

Room 

Over 2-hop error on the same room 

Different room 

Aisle or lobby 
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# of nodes 

Proposed scheme AFAL TM 

5 10 15 20 100 10 8 

Total error 

Ratio 0.09 0.05 0.02 0.01 0.01 0.81 0.16 

Mean (m) 8.96 7.24 6.52 6.21 6.29 14.41 10.68 

Std. (m) 5.75 3.26 2.08 1.19 1.45 19.43 9.67 

Critical 

error 

Ratio 0.16 0.13 0.07 0.06 0.07 0.46 0.19 

Mean (m) 10.41 9.38 8.29 7.41 7.86 18.03 13.14 

Std. (m) 8.04 5.56 3.79 2.96 3.05 10.57 8.62 

 

Table 3. Statistical characteristics of the localization accuracy 

 

Table 3 shows the results on the four criteria. Since the grid width 𝑙 is 6 

m, the minimum localization error is 6 m. Thus, we can say that as 𝑀 

(𝑀 < 𝑀max) increases, the localization error approaches to the minimum error 

of 6 m and even the critical error is not large in the proposed scheme. Compared 

with AFAL and TM, the proposed method significantly reduces the frequency 

and degree of errors due to the utilization of both the pre-surveyed data and the 

recursive location filtering method. On the other hand, AFAL has considerably 

low accuracy, because the distance measurement is reliable only in space 

without walls. TM also has a relatively large localization error because a 

trajectory can be wrongly matched in case that the target area is symmetrical or 

consists of lots of open spaces. 

  



- 23 - 

 

Chapter 5 

Conclusion 

 

We have suggested an indoor anchor-free localization method considering the 

positioning errors from indoor wall and nodes with high mobility. To reduce the 

indoor localization error, the pre-surveyed data on the target area are utilized. 

We have formulated the localization problem as the weighted subgraph 

matching. By recursively estimating the locations of all nodes with the current 

observations and the predictions, fast and robust localization can be realized. 

The numerical results shows that as the number of nodes increases, overall 

performance improves. In addition, compared with other localization methods 

not utilizing anchor, the proposed scheme provides both the smaller localization 

error and the shorter time to derive the final solution. 
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요 약 

 

화재, 가스 유출, 테러 등의 실내 재난 상황이 발생할 경우, 

무선 통신 신호를 이용한 실내 측위 기술은 사람들의 대피 혹은 

구조를 위해 반드시 필요하다. 재난 상황에서는 WiFi AP나 Bluetooth 

비콘과 같은 앵커가 정전이나 파손 등으로 인해 정상적으로 

작동하지 않을 수 있으므로, 앵커 독립적인 실내 측위 방법이 

사용되어야 한다. 그러나 기존 앵커 독립적 실내 측위 방법들은 

실내 환경에서 무선 통신 신호의 전파 특성과 노드의 이동 특성을 

고려하지 않았기 때문에, 추정된 노드의 위치가 큰 오차를 가질 수 

있다. 

이러한 문제점을 해결하기 위해, 본 논문에서는 실내 환경에 

대한 사전 정보를 활용해 위치 추정 정확도를 높인 앵커 독립적 

실내 측위 방법을 제안한다. 제안 시스템에서는 중앙 서버가 특정 

실내 공간 내 노드들의 위치를 추정한다. 여기서, 중앙 서버는 특정 

공간의 실내 도면을 바탕으로 생성된 사전 정보를 저장하고 있다. 

이후 재난 상황이 발생하면, 해당 공간에 위치한 각 노드는 이웃 

노드 간 무선 통신을 통해 측정한 수신 신호 세기 정보, 그리고 

자신의 이동 속도 정보를 주기적으로 중앙 서버에게 보고한다. 

이러한 정보를 바탕으로 중앙 서버는 노드들의 위치를 추정하기 

위한 알고리즘을 수행한다. 

제안 알고리즘은 총 세 단계로 구성된다. 첫 번째 단계는 후보 

위치 생성 단계이다. 이 단계에서는 우선 각 노드의 ID를 

꼭짓점(vertex), 노드 간 통신으로 얻어진 수신 신호 세기를 변의 
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무게(edge weight)로 하는 그래프를 생성한다. 그다음, 공간에 대한 

사전 정보에 해당 그래프를 매칭시켜 노드들의 후보 위치를 구한다. 

두 번째 단계는 이동 영역 예측 단계로, 노드의 현재 이동 속도와 

공간 정보를 이용해 노드가 이전 위치로부터 이동할 영역을 

계산한다. 마지막 단계는 후보 위치 필터링 단계로, 여기서는 

앞에서 구한 후보 위치 중 이동 영역 밖에 있는 것을 제거하는 

과정을 수행한다. 

제안 방법에 대한 성능 측정 결과, 제안하는 방법은 기존 앵커 

독립적 위치 추정 방법들보다 위치 추정 정확도를 크게 증가시켰고, 

위치추정에 소요되는 시간도 크게 감소시켰다. 특히 공간 내 노드의 

수가 증가할수록, 더 우수한 성능을 보였다. 본 연구는 앞으로 재난 

대응을 위한 실내 측위 기술로써 유용하게 활용될 것이라 기대한다. 

 

 ······································································································  

주요어 : 앵커 독립적 측위법, 실내 측위법, 수신 신호 세기, 

          부분 그래프 매칭, 실내 도면 
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