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ABSTRACT Most of the current indoor localization methods based on channel state information (CSI)
utilize the amplitude and phase of each subcarrier individually as location fingerprints, but the correlation
between adjacent subcarriers also contains essential location information. Therefore, this paper proposes
a device-free indoor localization method based on CSI and limited penetrable horizontal visibility graph
(LPHVG), which does not require the subject to carry a device and can be implemented with only a single
access point (AP). Firstly, we model the frequency correlation between subcarriers by LPHVG algorithm
and construct a CSI-based complex network. Secondly, the topology of the complex network is utilized to
analyze the relationship between CSI adjacent subcarriers and extract network features, which are combined
with statistical features as fingerprint information to characterize different locations. Finally, the method is
combined with support vector regression (SVR) to realize indoor localization in different environments. The
experimental results show that the proposed method can significantly improve the localization accuracy, and
has an excellent performance in different indoor scenarios.

INDEX TERMS Device-free localization, channel state information, limited penetrable horizontal visibility
graph, support vector regression.

I. INTRODUCTION
With the popularity of mobile technology and wireless
devices, location-based services are increasingly relevant to
people’s daily lives, such as security enforcement, intelligent
healthcare, vehicle parking management, and museum visitor
guides. Although Global Position System (GPS) has excel-
lent localization and tracking in outdoor environments [1],
it often performs less well when applied to indoor local-
ization. Therefore, indoor localization techniques have been
studied by a wide range of people [2]–[5]. Many indoor
localization methods require the tracked object to carry a
specific mobile device [6], while the tracked object cannot
bring any device inmany cases. Therefore, designing efficient
and feasible device-free localization methods is a current
challenge.
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Most previous device-free localization technologies are
based on Bluetooth [7], radio frequency identification [8],
ultra-wideband [9], and geomagnetic [10], but the com-
plex equipment limit the usage of these technologies. With
the widespread deployment of Wi-Fi networks, Wi-Fi-based
localization technology has attracted increasing attention in
recent years. The method of comparing pre-constructed radio
maps to determine a person’s location by changing chan-
nel characteristics of Wi-Fi signals is known as the finger-
print method. Since Wi-Fi Received Signal Strength (RSS)
is easily accessible, conventional indoor localization sys-
tems [11]–[14] utilize RSS as fingerprint information. For
example, the Radar system [13] is the pioneer of the
RSS-based fingerprint localization system, which utilizes a
deterministic approach for location estimation. The Horus
system [14] utilizes a probabilistic approach for location
estimation based on RSS, which has some improvement over
Radar in terms of localization accuracy. However, the pres-
ence of effects such as indoor multipath propagation and
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shadow fading leads to high volatility of RSS as a simple
superposition of multipath components, which cannot meet
the requirements of high accuracy localization.With the inno-
vation of technical means, we can obtain CSI signals from
more advanced Wi-Fi network interface cards, such as the
Inter Wi-Fi Link 5300 network card [15], by modifying the
device drivers. Unlike RSS from the media access control
(MAC) layer, channel state information (CSI) is based on
orthogonal frequency division multiplexing (OFDM) from
the physical layer. The fine-grained characteristics can more
accurately depict changes in channel states, which makes it
highly attractive for realizing high-precision indoor localiza-
tion technology. Therefore, this paper takes CSI fingerprint
as the research subject.

However, most existing methods utilize only the ampli-
tude and phase of each CSI subcarriers alone to construct
fingerprint information, ignoring the essential location infor-
mation contained in the correlation of adjacent subcarriers.
Therefore, this paper utilizes the limited penetrable hori-
zontal visibility graph (LPHVG) algorithm [16] to model
the correlation between subcarriers and analyze the charac-
teristics between adjacent subcarriers using the topology of
complex networks. The central idea is to convert LPHVG
time series into CSI frequency-domain series, construct a
complex network with subcarriers as network nodes and
geometric visual visibility as edges, extract correspond-
ing network features and combine statistical characteristics
as fingerprint information on this basis, and finally real-
ize indoor localization based on support vector regression
(SVR). By combining the intra-subcarrier statistical fea-
tures and inter-subcarrier network features, the connection
between CSI subcarriers is revealed, the correlation between
fingerprint features and location information is enhanced,
and the localization performance of the algorithm is
improved.

The contributions made in this paper are as follows:
1) We propose a LPHVG-based method for device-free

indoor localization of CSI. The method solves the problem
of poor localization performance due to using only a sin-
gle subcarrier by exploring the correlation between adjacent
subcarriers.

2) A fingerprint pattern combining network features and
statistical features, containing both intra- and inter-subcarrier
location information and can effectively improve the local-
ization accuracy.

3) Implementing localization in three indoor environ-
ments with device-free and single AP. The results show
that the method outperforms existing indoor localization
methods and has good anti-noise performance for complex
environments.

The rest of this paper is organized as follows. In Section II,
we provide an overview of the work related to CSI indoor
localization and visibility graph technologies. In Section III,
we present the basic theory about CSI and LPHVG.
In Section IV, we elaborate the methodology proposed in
this paper. In Section V, we describe the experimental

environment andmake a performance analysis. In Section VI,
we summarize the paper.

II. RELATED WORD
This section presents the work related to CSI-based
fingerprint localization and visibility graph techniques,
respectively.

A. CSI-BASED FINGERPRINT LOCALIZATION
FIFS [17] processed CSI amplitude by frequency diversity
and spatial diversity, and mapped the amplitude into fin-
gerprints using a probabilistic model to construct a finger-
print database, which has an average error of about 1 m.
DeepFi [18] utilized deep learning for training 90 subcar-
riers of three antennas through a deep network to obtain
fingerprints with the best weights. FapFi [19] filtered the
amplitude and phase information, and realizes the passive
indoor positioning based on Bayesian classification. BiLoc
[20] proposed to develop bimodal CSI using a bimodal deep
autoencoder network, including the average CSI amplitude
and phase difference. To address the correlation between fea-
tures, [21] modeled the fingerprint information at each loca-
tion as normal distribution and combined it with a weighted
plain Bayesian classifier for localization. Reference [22]
implemented random forest (RF)-based indoor localization
using a random forest model trained in the offline phase
as a fingerprint to combat multipath effects. Reference [23]
proposed an improved Bayesian localization method, which
calculated the mean and standard deviation of different sub-
carriers to generate a fingerprint database. Reference [24]
proposed a time-reversal indoor localization system (TRIPS)
that creates a database by mapping physical geographic loca-
tions in channel impulse response (CIR) space to logical
locations, and then uses fingerprints from unknown locations
and fingerprints in the database to evaluate the time-reversal
resonating strength (TRRs) and determine the true physical
location. The system can achieve 10 cm localization accuracy
and zero error rate in a 0.9 m × 1 m region of interest.
Reference [25] made full use of spatial diversity in multiple-
input multiple-output (MIMO) Wi-Fi systems to obtain a
larger effective bandwidth. During the localization phase, the
collected instantaneous CFR is compared with the fingerprint
library via TRRs with compensation for residual synchro-
nization errors. Experimental results show that localization
accuracy of 1∼2 cm can be achieved at a measurement reso-
lution of 0.5 cm and that the system is robust to environmen-
tal dynamics caused by human activity and object motion.
This centimeter-level positioning systems have a very small
positioning area and a very high resolution. Most of the
above works consider only a single subcarrier and ignore the
location information between adjacent subcarriers. Indeed,
it has been shown in the [26] that the adjacent subcarriers
are strongly correlated with each other. Therefore, the study
of frequency correlation between subcarriers is helpful to
improve positioning performance.
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TABLE 1. Comparison of the related works.

B. VISIBILITY GRAPH TECHNIQUES
Complex networks have wide applications in many complex
systems analyses, such as aviation networks, social networks,
and transportation networks. Also, visibility graph (VG) is an
effective method to convert time series data into complex net-
works. Reference [27] proposed to build VG models of com-
plex networks from time series. Reference [28] utilized VG
algorithm for image processing. Reference [29] proposed to
utilize VG to model the correlation between CSI subcarriers
to achieve the detection of human orientation. Later, VG was
suggested to be applied to indoor localization [30]. Refer-
ence [31] simplified VG and proposed a horizontal visibility
graph (HVG) construction method. Reference [32] combines
HVG algorithm with spectral analysis for partial discharge
detection. To improve the outlier detection rate of network
traffic, Reference [33] proposed the utilization of limited
penetrable visibility graph (LPVG) for accurate extraction of
network traffic features. Reference [16] further proposed the
method of multiscale limited penetrable horizontal visibility
graph (MLPHVG) to improve classification accuracy. The
above work shows that converting time series data into com-
plex networks using visibility graph-based techniques can
reveal intrinsic connections between the data. Table 1 shows
the comparison of the related works.

III. PRELIMINARY
A. CHANNEL STATE INFORMATION
The CSI can be acquired through an Intel 5300 NIC. The
collected raw CSI belongs to frequency domain data, which
reflects the fading state of the signal during the propagation
between the transmitter and the receiver. The channel model

can be described as:

Y = HX + N (1)

where X is the transmit signal, Y is the received signal, H is
the channel matrix, andN is the Gaussian white noise. There-
fore, the CSI estimates of all subcarriers can be expressed as:

H =
Y
X

(2)

Wireless channels are generally described by the channel
impulse response (CIR) to the multipath effect of the chan-
nel. Under the assumption of linear time invariance, CIR is
expressed as the following (3):

h(τ ) =
l−1∑
i=1

aie−jθiδ(τ − τi) (3)

where ai, θi, and τi are the amplitude, phase, and time delay
of the ith path, respectively, l is the total number of multipath,
and δ(τ ) is the Dirac function.

Themultipath propagation of the signal is manifested in the
time domain as time delay expansion, while in the frequency
domain, it causes selective fading of the signal. The channel
frequency response (CFR) of the wireless channel can be
obtained from the CIR by Fourier transform. The CFR can
be expressed as:

Hi = |Hi| ejsin(
6 Hi) (4)

where |Hi| and 6 Hi, denote the amplitude and phase of the ith

subcarrier, respectively. The number of subcarriers used is 30.
Due to indoor environmental variations and multipath

effects, the attenuation of the signal varies from path to path,
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FIGURE 1. The CSI amplitude comparison. (a) Scene plan. (b) CSI amplitude in the same location. (c) CSI amplitude in different
location.

resulting in a distribution structure with corresponding char-
acteristics of the subcarriers. Fig. 1 represents the processed
amplitudes in the same and different positions, respectively,
when people are present. Fig. 1(a) shows the layout of the
indoor environment, Fig. 1(b) shows the amplitude obtained
twice when the person is at position 6, and Fig. 1(c) shows
the amplitude obtained when the person is at position 6 and
position 20 respectively (black represents position 6 and red
represents position 20). We can see that the CSI amplitude
satisfies the characteristics of being stable at the same loca-
tion and easily distinguishable at different locations. There-
fore, it is feasible to utilize CSI amplitude as a feature of
fingerprint localization, which can reflect the change of the
location of the target to be measured in the area of interest.

Combining amplitude and phase provides a more com-
prehensive characterization of fingerprint information and
improves localization accuracy compare to use only ampli-
tude or phase. However, the phase information is shifted due
to carrier frequency offset (CFO) and sampling frequency
offset (SFO), and the received raw phase information is
cluttered. Therefore, this paper corrects the phase, and the
correction process is described in Section IV-A.

B. LPHVG INTRODUCTION
In the LPHVG model, each time point in the discrete-time
series is defined as a network node. The concatenation
between corresponding values satisfying the visibility crite-
rion is defined as the network concatenation edge. Define
Lp as the limited penetrable visibility distance and Tf as
the truncation number, the visibility criterion of LPHVG is
that if any two nodes(ta, ya)and(tb, yb)in the time series are
separated bySnodes and are visible to each other, then there
existTf

(
0 ≤ Tf ≤ Lp

)
observations(ti, yi)between these two

nodes, satisfying:

yi > ya or yi > yb, ∀ti ∈ (ta, tb) (5)

The remaining S − Tf points
(
tj, yj

)
satisfy:

yj < min (ya, yb) , ∀tj ∈ (ta, tb) (6)

FIGURE 2. Example of LPHVG analysis when Lp = 1. (a) Time series data.
(b) Constructed LPHVG network.

Fig. 2 shows the network construction method of the
LPHVG algorithm when Lp = 1. In Fig. 2(a), X-axis
is the time series, Y-axis is the corresponding value, and
Fig. 2(b) is the complex network constructed according to
the visual criteria. The 16 points in Fig. 2(b) correspond to the
16 network nodes in Fig. 2(a), and the lines between the points
in Fig. 2(b) correspond to the network edges between the
16 values in Fig. 2(a). We first construct the network con-
nected edges between the network nodes in Fig. 2(a) by
the visibility criterion, and then obtain the complex network
in Fig. 2(b) by corresponding the network nodes and the
network connected edges one by one.

Compared with the LPVG, the LPHVG reduces the
complexity of network construction while preserving the
inheritance of network characteristics due to the simplified
visibility criterion. It also has tighter network indirection
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FIGURE 3. Adjacency matrix comparison of four visibility graph methods.
(a) Adjacency matrix of VG. (b) Adjacency matrix of HVG. (c) Adjacency
matrix of LPVG. (d) Adjacency matrix of LPHVG.

and broader visibility than VG and HVG. Usually, a more
significant average degree value of a network node repre-
sents tighter network connectivity, which proves that the
algorithm can inherit the characteristics between the original
frequency sequences well. This paper analyzes the network
degree distribution of VG, HVG, LPVG and LPHVG models
by adjacency matrix. Fig. 3(a)-(d) respectively represents the
adjacency matrices of VG, HVG, LPVG, and LPHVG. The
horizontal and vertical coordinates indicate the subcarrier
indexes. We can see that the node average degree value of
the LPVG-based CSI complex network is greater than that
of VG, HVG, and LPHVG, implying that it outperforms
other algorithms in terms of network connectivity. However,
the high complication of the LPVG visibility criterion also
adds to the algorithm complexity. We note that the LPHVG
algorithm is higher than the VG andHVG algorithms in terms
of frequency feature inheritance and significantly reduces the
complexity of network construction compared to LPVG due
to its visibility criterion judgment. Therefore, considering the
network performance and algorithm complexity, we choose
the LPHVG algorithm to construct CSI complex networks
and explore the frequency correlation among subcarriers.

IV. SYSTEM MODEL
To more accurately represent the mapping relationship
between location and fingerprint, a complex network of CSI
based on LPHVG is constructed in this paper. The precise
location of indoor people is achieved by analyzing the rela-
tionship between adjacent subcarriers of CSI and extracting
relevant features. Fig. 4 shows the architecture of the pro-
posed scheme. Firstly, we collect data at different positions
in the positioning area, and perform phase correction and
filtering on the original CSI. Then the statistical features
are extracted from the pre-processed CSI, while a complex

FIGURE 4. System Architecture.

network based on LPHVG is constructed and network fea-
tures are extracted. The obtained feature values are divided
into training data and test data according to the scale. The
fingerprint library is constructed for the training data. Finally,
the location localization in different experimental environ-
ments is implemented based on the SVR method.

A. DATA PREPROCESSING
Due to the complexity of the indoor environment, experimen-
tal equipment is susceptible to the influence of temperature
and humidity of the surrounding environment, so the raw
CSI cannot be utilized for localization. Therefore, this paper
preprocesses the raw data.

1) PHASE CORRECTION
This paper utilizes the linear fitting method to correct the
phase [34], and the measured phase extracted to the ith sub-
carrier is expressed as 6 φ̃i, which can be expressed by (7) as:

6 φ̃i = 6 φi + 2π
mi
k
1t + β + Z (7)

where 6 φi is the actual phase, k is the Fourier transform
length, mi denotes the carrier number of the ith subcarrier,
i = 1, 2, . . . , 30,1t means the time delay caused by the SFO,
β expresses the phase shift caused by the CFO, and Z denotes
noise phase.

Since 2π mi
k 1t + β is a linear function on mi, (7) can be

written as:

6 φ̃i = 6 φ̃ − kmi − b (8)

where 6 φ̃ denotes the corrected phase, k denotes the slope,
and b denotes the intercept. k and b are marked as:

k =

∣∣∣ 6 φ̃30 − 6 φ̃1∣∣∣
m30 − m1

(9)

b =
1
30

30∑
i=1

6 φ̃i (10)

With the above correction algorithm, the errors in the
original phase due to CFO and SFO are removed, and the
phase values are in the range of [−π, π].
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2) OUTLIER PROCESSING
For the outliers present in the original data, this paper utilizes
the Hampel filter to reject them, and the principle is as
follows:

csini =

{
meani

∣∣csini − meani∣∣ > 3stdi
csini

∣∣csini − meani∣∣ ≤ 3stdi
(11)

where csini denotes the CSI of the ith subcarrier of the nth

sample,mean denotes the mean value, and std is the standard
deviation.

B. LPHVG-BASED CSI NETWORK CONSTRUCTION
To explore the correlation between subcarriers and mine
the location information contained between subcarriers, this
paper maps CSI to complex networks from the perspective of
frequency sequences, using the LPHVG algorithm as a visual
criterion. The specific construction method of CSI complex
networks is divided into two steps:

(1) Constructing the node-set: The frequency sequence
can be expressed as {csii} , i ∈ (1,N ) , N denotes its length,
i.e., the number of subcarriers. Define each subcarrier as a
network node and construct a CSI network node-set with
N = 30.
(2) Constructing the connected edge set: Firstly, adjacent

subcarriers are connected by horizontal lines. Secondly, if any
two non-adjacent subcarriers meet the LPHVG visibility cri-
terion, they are connected by horizontal lines.

The visibility criterion of LPHVG: DefineLpas the limited
penetrable visibility distance and Tf as the truncation number,
if any two nodes (fa, csia)and (fb, csib) in the time series are
separated by S nodes and are visible to each other, then there
exist Tf

(
0 ≤ Tf ≤ Lp

)
observations (fi, csii) between these

two nodes, satisfying:

csii > csia or csii > csib, ∀fi ∈ (fa, fb) (12)

The remaining S − Tf points
(
fj, csij

)
, satisfying:

csii < min (csia, csib) , ∀fj ∈ (fa, fb) (13)

where fi denotes the frequency of the ith subcarrier, and csii
indicates amplitude or phase.

Fig. 5 shows the complex network of CSI constructed
based on the LPHVG algorithm. Where the horizontal
coordinates denote the frequency sequence, and the vertical
coordinates denote the corresponding amplitude or phase.
Specifically, we first treat the 30 subcarriers of CSI as net-
work nodes, i.e., the horizontal coordinates represent the fre-
quency sequence, and the corresponding amplitude or phase
of each subcarrier as the corresponding value of the network
nodes, i.e., the vertical coordinates represent the amplitude
or phase. Then, according to the visibility criterion described
in the previous section, the values between two nodes in the
coordinate system that satisfy the LPHVG visibility criterion
are concatenated, and all network nodes are traversed in this
method in turn. Finally, the network nodes in the constructed
coordinate system and the connected edges of the network

FIGURE 5. CSI network construction of the LPHVG algorithm.

are matched one by one to obtain the final complex network.
We build the CSI frequency domain data as a loop-free
and directionless complex network by using subcarriers as
network nodes and establishing connections between nodes
according to the LPHVG visibility criterion. Further, the CSI
network is analyzed by existing network analysis techniques,
and then the correlation between subcarriers can be fully
explored.

C. FINGERPRINT FEATURES
1) NETWORK FEATURE EXTRACTION
In this paper, the features of the pre-processed CSI are
extracted from intra-subcarrier and inter-subcarrier, respec-
tively. For the intra-subcarrier features, we utilize the statisti-
cal characteristics of each subcarrier, i.e., mean and standard
deviation. For the inter-subcarrier features, we characterize
the topology of the complex network by the topological
parameters of the corresponding matrix. The degree devia-
tion, clustering coefficient entropy, congruence coefficient,
and average weight degree [33], [35] are chosen to character-
ize the network of CSI data, with the following equations:

(1) Degree deviation. The degree Di of node i is defined
as the number of edges connected to the node, which reflects
the degree of association of nodes in a complex network, and
Dstd is the standard deviation of the degrees of all nodes in the
network, which describes the degree of connection sparsity of
the complex network. The degree deviation is calculated by
the formula:

Dstd =

(∑N
i=1

(
Di − D

)2
N − 1

) 1
2

(14)

where D̄ = 1
/
V
∑
Di denotes the average degree and N is

the total number of nodes.
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FIGURE 6. Description of characteristic advantages. (a) Scene plan. (b) amplitude. (c) statistical features. (d) network features.

(2) Clustering coefficient entropy. The entropy of cluster-
ing coefficients is utilized to describe the clustering charac-
teristics of the network nodes, and its formula is:

Ci =
2ξi

Di (Di − 1)

PC,i =
Ci
N∑
i=1

Ci

EC = −
N∑
i=1

(
PC,i

)
log

(
PC,i

)
(15)

where Ci is the clustering coefficient, ξi is the total number
of edges of all neighboring nodes connected to node i. PC,i
is the clustering coefficient probability, EC is the clustering
coefficient entropy, and N is the total number of nodes.
(3) Congruence coefficient. The Pearson correlation coef-

ficient of degree is utilized to describe the degree correlation
of the network, i.e., the congruence coefficient R, which is
defined as:

R =
E−1

∑
iD1,iD2,i −

[
E−1

∑
i
1
2

(
D1,i + D2,i

)]2
E−1

∑
i

(
D2
1,i + D

2
2,i

)
−

[
E−1

∑
i
1
2

(
D1,i + D2,i

)]2
(16)

where D1,i and D2,i is the degree of the two nodes connected
by edge i and E is the total number of edges.

(4) Average weighted degree. The weighted degree rep-
resents the connection density of the complex network, and
the larger the mean value proves that the edge connection
structure is denser. The average weight degree w is extracted
by the following equation:

wij = arctan
csi(fj)− csi(fi)

fj − fi

w =
1
E

E∑
i=1

∑
j∈B(i)

wij
(17)

where wij represents the weights of the edges between nodesi
and j, fi is the corresponding subcarrier frequency, csi is the
amplitude or phase, B (i) is the set sum of all edges connected
to the node i, and E is the total number of edges.

Fingerprint database is created by adding category labels
and location information to each set of network fea-
tures and statistical features obtained, and the fingerprint
database F is:

F = [CSINet CSISta M L] (18)

where CSINet denotes the network matrix, CSISta denotes
the statistical matrix, n is the number of samples, M is the
category label corresponding to the fingerprint, and L is
the coordinate corresponding to the fingerprint of the form
Li = (xi, yi).

2) ADVANTAGES OF SELECTED FEATURES
To verify that the features proposed in this paper can be
used as locating fingerprints, an open indoor scene is divided
into 25 location cells. Fig. 6(a) is the plan of the scene.
The environment is quiet and empty, we only set up the
sending and receiving equipment and related personnel, and
the size of each location unit is 0.8m×0.8m. Fig. 6(b),
Fig. 6(c) and Fig. 6(d) respectively show the thermal diagram
in which amplitude, statistical features, and network features
are used as fingerprint information in this scene. It can be
seen from the figure that when fingerprint positioning is
carried out, taking amplitude as fingerprint information will
produce serious spatial ambiguity, which will lead to wrong
location classification. Both statistical features and network
features show the good mapping between different locations
and fingerprints, proving that both fingerprint features can
be used for positioning. At the same time, the respective
positions of the two features and the mapping relationship
between the fingerprints are different, indicating that the
two features represent the CSI fingerprint from different
perspectives and respectively represent different fingerprint
information. For example, in Fig. 6(c), position 5 and posi-
tion 12 are far apart but have similar fingerprint information,
while in Fig. 6(d), the fingerprint information of position 5
and position 12 is quite different. It can be seen that the
combination of the two features as a fingerprint can more
fully characterize the data and further improve the positioning
accuracy.
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D. SVR FOR LOCALIZATION
The essence of indoor localization based on CSI fingerprints
is to establish the mapping relationship from CSI fingerprint
information to the physical location. Deep learning is cur-
rently widely used in artificial intelligence and other fields,
and has shown good learning ability. However, the method
usually requires a large amount of training data, high algo-
rithm complexity and long system running time. In this paper,
the number of samples to be processed is small, and there is
a large similarity between features. SVR [36] is a regression
algorithm that can achieve a nonlinear mapping from input
to output, and it has strong generalization and fitting ability.
Therefore, this paper utilizes SVR to train the model and
predict location.

Each training sample corresponds to a physical loca-
tion, and the SVR projects the input signal space into a
high-dimensional feature space by a nonlinear transforma-
tion, where the regression function is:

f (r) = wT r + b (19)

where w is a vector indicating the direction of the function,
b is a constant indicating its location, and r denotes the
training data. T denotes transpose. According to the structural
risk minimization principle of SVR, each sample is allowed
to have an error not exceeding ε. The excess is captured by
the relaxation variables ξi and ξ∗i , which are penalized by the
regularization constant C chosen a priori. Thus, the regression
problem can be solved as follows:

min
1
2
‖w‖2 + C

N∑
i=1

(ξi + ξ∗i ),

s.t.


(wT r + b)− ci ≤ ε + ξi
ci − (wT r + b) ≤ ε + ξ∗i
ξi, ξ

∗
i , ε ≥ 0

(20)

where ci denotes the x (or y) coordinate of the ith location.
Using the kernel function to solve-(20), the regression func-
tion is obtained as follows:

f (r) =
m∑
i=1

(αi − α̂i)K (ri, r)+ b (21)

where αi and α̂i are Lagrangian multipliers and K (ri, r) is a
kernel function.

To obtain an excellent fitting effect, the radial basis func-
tion (RBF) is chosen as the kernel function in this paper,
which takes the form of (γ is the kernel parameter):

K (ri, r) = exp(−γ ‖ri − r‖2), γ > 0 (22)

In the fingerprint localization algorithm in this paper, the
location coordinates have two dimensions, so separate train-
ing is required for the x and y coordinates. The test data are
fed into the trained model to obtain the estimated coordinates
of the point to be located.

V. EXPERIMENT VALIDATION
This section describes the implementation and performance
evaluation of the proposed method. Firstly, we describe
the experimental configuration and the experimental envi-
ronment. Then the performance is verified and compared
with existing methods. Finally, we analyze the effect of
the choice of experimental parameters on the localization
performance.

A. EXPERIMENTAL SETUP
The equipment utilized is a desktop computer with an
Intel 5300 NIC and Ubuntu 12.04 operating system, with
the Linux 802.11n CSI Tool installed to obtain CSI. For the
transmitter, a router with the model number TP-LINK is uti-
lized. Two transmitting antennas and three receiving antennas
can theoretically acquire data from 2∗3 links, but channel
links are often unstable in the actual data acquisition pro-
cess. Therefore, 1∗3 stable links are extracted in this paper,
i.e., link pairs 1-1, 1-2, 1-3. In this paper, an empty room,
a conference room, and a corridor are selected as different
experimental scenarios, and several 0.8m × 0.8m location
grids are arranged. As shown in Fig. 7(a)-(c), Environment 1
is quiet and empty, Environment 2 is placed with several sets
of equipment and obstacles, and Environment 3 is narrow
and slender and a volunteer was scheduled to pass through
the corridor at a frequency of once every minute. In this
paper, we set the transmission frequency of data packets in the
experiment to 100Hz, and each collection lasts 10 seconds.
We get 1000 sets of data at each location as the sample
set, and divide them into training and test sets in the ratio
of 8:2.

B. PERFORMANCE ANALYSIS
1) FINGERPRINT FEATURES
To verify the effect of intra- and inter-subcarrier features on
localization accuracy, we plot the confusion matrix obtained
for 25 locations in the empty room under different fingerprint
representations based on the SVM classification algorithm.
Fig. 8(a)-(c) respectively represents the confusion matrix of
network features, statistical features, and combined features,
where the x-axis represents the predicted location, the y-axis
represents the actual location, and the z-axis represents the
predicted frequency. We can see that the LPVHG and Statis-
tics methods may have different misclassification results for
the same location, i.e., to a certain extent, they have comple-
mentary properties. For example, position 5. The utilization
of combined fingerprints, on the other hand, significantly
reduces the frequency of misclassification, which means that
the network features indicating the correlation between sub-
carriers and the statistical features of individual subcarriers
represent different location information, respectively. There-
fore, combining the two components can effectively reduce
the frequency of false recognition and improve localization
performance.

VOLUME 10, 2022 71127



Y. Liu, G. Li: Device-Free Indoor Localization of CSI Based on Limited Penetrable Horizontal Visibility Graph

FIGURE 7. Different environments. (a) Plan of empty room. (b) Plan of conference room. (c) Plan of empty corridor. (d) Photograph of empty room.
(e) Photograph of conference room. (f) Photograph of corridor.

FIGURE 8. The confusion matrix of different fingerprints. (a) Network features. (b) Statistical features. (c) Combined features.

2) COMPARISON OF DIFFERENT FINGERPRINTING
METHODS
In this paper, we evaluate the impact of several differ-
ent fingerprint features on the localization performance as
follows:

1. Only-LPHVG method: network features extracted only
from the LPHVG algorithm

2. Only-Statistics method: statistical features commonly
utilized in existing localization methods, i.e., mean and stan-
dard deviation of subcarriers [25]

3. VG and Statistics method: utilizing a combination of VG
and statistics as a fingerprint [30]

4. Proposed method: utilizing a combination of LPHVG
and Statistics as a fingerprint

We evaluate the performance of different fingerprints in
three different environments using the SVR-based localiza-
tion algorithm. Fig. 9(a)-(c) shows the cumulative distri-
bution function (CDF) of the localization errors obtained
for the empty room, the conference room, and the corridor,
respectively. From the figure, it can be seen that the error

of 80% of the test data of the proposed fingerprint method
can be controlled within 0.7m in the empty room, while the
positioning accuracy of methods 1, 2 and 3 can be 1.2m,
1m and 0.9m respectively at this percentage; 80% of the test
data of the proposed fingerprint method can be controlled
within 1m in the conference room, while the positioning
accuracy of methods 1, 2 and 3 can be 1.5m, 1.3m and 1.2m
respectively at this percentage. The localization accuracy
of methods 1, 2, and 3 in this percentage is 1.5m, 1.3m,
and 1.2m, respectively; in the corridor, the error of 80%
of the test data of the proposed fingerprint method can be
controlled within 1.5m, while the localization accuracy of
methods 1, 2 and 3 in this percentage is 1.7m, 2m, and 3.1m,
respectively. statistics, as shown in Table 2. The results show
that the average error and median error of the fingerprint
methods proposed in this paper are lower than those of other
methods under different experimental environments. We can
see that the proposed method outperforms the methods using
only-LPHVG and only-Statistics, which indicates that there
is indeed important information about the location between
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FIGURE 9. CDF of different fingerprint methods in three environments. (a) Empty room. (b) Conference room. (c) Corridor.

TABLE 2. Localization errors of different fingerprinting methods (meters).

FIGURE 10. CDF of different algorithms in three environments. (a) Empty room. (b) Conference room. (c) Corridor.

subcarriers. The combination of statistical and network fea-
tures can more comprehensively characterize the mapping
relationship between fingerprint information and location,
which also verifies the content of V-B-1). In addition, the
proposed method in this paper outperforms the [30], which
demonstrates that LPHVG outperforms VG in characterizing
the correlation between subcarriers.

3) COMPARISON OF DIFFERENT MACHINE
LEARNING ALGORITHMS
Different machine learning algorithms lead to various local-
ization performances. We analyze the localization perfor-
mance of four algorithms, RF [24], extreme learning machine
(ELM) [37], back propagation neural network (BPNN) [38],
and SVR. Fig. 10(a)-(c) shows the CDF of different algo-
rithms in three environments. From the figure, it can be
seen that the error of 80% of the test data of the SVR
method used in this paper can be controlled within 0.7m

in the empty room, while the positioning accuracy of ELM
method, RF method, and BPNN method are 1.2m, 1.3m and
0.8m respectively under this percentage; 80% of the SVR
method used in this paper can be controlled within 0.7m in the
conference room. The error of the test data can be controlled
within 1m, while the positioning accuracy of ELM, RF, and
BPNN methods are 1.8m, 2 m, and 1.1m respectively under
this percentage; in the corridor, the error of 80% of the test
data can be controlled within 1.5m with SVR method, while
the positioning accuracy of ELM, RF and BPNN methods
is 3.5m, 3.5m and 3.1m respectively under this percentage.
The statistics of the localization errors of different machine
learning algorithms in the three environments are shown in
Table 3. The results show that the average and median errors
of the SVR method are lower than those of the other methods
under different experimental environments. It can be seen
that the SVR localization method based on the combination
of LPHVG and Statistics proposed in this paper has the
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TABLE 3. Localization errors of different algorithms (meters).

best localization performance. BPNN utilizes the gradient
search technique to continuously correct the obtained results,
which has a strong nonlinear mapping capability. Still, the
convergence speed is slow and brings high running time to
the system. ELM obtained the weights between the input
and hidden layers and the thresholds of the nodes in the
hidden layer by random initialization based on the traditional
feedforward neural network, which significantly improved
the learning rate. Still, the performance varied significantly
due to the random generation of the weight parameters and
the poor localization. RF has high classification accuracy in
current machine learning algorithms but can overfit regres-
sion problems for specific data sets. SVR minimizes the
empirical risk and confidence range by seeking structured
risk minimization, has good generalization and fitting ability,
and has better performance for high-dimensional data. It can
be concluded that the method proposed in this paper has good
localization performance in different environments and has
some anti-interference ability for complex environments.

4) PERFORMANCE ANALYSIS IN MULTIPLE SCENARIOS
As can be seen from the above, the average error and median
error of the method proposed in this paper are 0.596m and
0.535m in the empty room, 0.837m and 0.755m in the con-
ference room, and 1.270m and 0.579m in corridor. In the
empty room, the noise and interference are less, and the
environment is more ideal, so the higher positioning accu-
racy is achieved. The environment of the conference room is
complex, with various tables, chairs and other sundry objects
placed indoors, which has rich multipath effect, which will
have a great impact on the positioning accuracy. Therefore,
the positioning accuracy under the conference room is lower
than that of the empty room. In the corridor, the experimental
environment is narrow and slender, which greatly interferes
with signal transmission. At the same time, tomake the exper-
imental environment more similar to the actual application
scene, we arrange for a volunteer to pass through the corridor
every minute. Therefore, the positioning error of the corridor
is large in the three environments.

5) PERFORMANCE ANALYSIS OF DIFFERENT LITERATURE
To verify the effectiveness of the algorithm, we compared the
algorithm proposed in this paper with LCAF [39] and refer-
ence [40] under the same experimental conditions. As shown
in Fig. 11, the proposed algorithm can control the error

FIGURE 11. CDF of different literature.

FIGURE 12. The effect of division ratio on localization performance.

of 80% of the test data within 0.7m, while the position-
ing accuracy of LCAF and literature 40 within 80% error
is 0.9m and 1.2m, respectively. LCAF first eliminates the
noise interference by pre-processing method, then gener-
ates more stable fingerprints by linear discriminant analysis
(LDA), and finally determines the estimated target local-
ization by using the plain Bayesian-based algorithm. Ref-
erence [40] uses split-averaging and principal component
analysis (PCA) methods to reduce the dimensionality of the
data, and weighted k-nearest neighbors (WKNN) for location
estimation. These two methods enhance the fingerprint from
different perspectives, but both ignore the location informa-
tion contained between subcarriers. In this paper, we fully
exploit the relationship between subcarriers and construct
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TABLE 4. Localization errors of amplitude, phase, and both (meters).

fingerprints using network features and statistical features.
The results show that the proposed algorithm in this paper
exhibits optimal performance.

C. EFFECT OF PARAMETERS ON LOCALIZATION
This subsection discusses the selection of amplitude and
phase, the ratio of training set and test set division, and the
selection of grid resolution, respectively.

1) EFFECT OF AMPLITUDE AND PHASE
Table 4 shows the average localization errors using ampli-
tude, phase, and both in the three environments. We can see
that using both can effectively improve the localization accu-
racy. Because amplitude and phase represent CSI in different
ways, utilizing both can increase the available localization
information and thus improve the localization performance
of the algorithm.

2) EFFECT OF TRAINING SET AND TEST SET DIVISION RATIO
To verify the effect of the training set and test set size on
the performance of the algorithms, simulation validation is
made under different ratios of division. This paper gives the
simulation results of the average error under the ratios of 5:5,
6:4, 7:3, 8:2, and 9:1 based on SVR and ELM, respectively.
As shown in Fig. 12, the performance of the two algorithms
improves as the percentage of the training set increases,
reaching the best at 8:2 and 9:1. However, when the entire
sample set is not large enough, the number of samples in the
test set is too small. For example, when the total number of
samples is 100, only 10 test samples are obtained at a ratio
of 9:1, and such a small sample of data makes the results not
generalizable. And the prediction results are not generalized,
which may lead to overfitting the algorithm and reduce the
system performance. Therefore, this paper finally chooses to
divide the training set and test set in the ratio of 8:2.

3) EFFECT OF GRID RESOLUTION
To evaluate the effect of different resolution grids on the
localization results, comparative analyses are performed in
the empty room for grids of 0.6m × 0.6m, 0.8m × 0.8m,
1.5m× 1.5m, and 2m× 2m sizes, respectively. Fig. 13 shows
the CDF of four different resolution grid cases. We can see
that the lower the grid resolution is, the larger the posi-
tioning error is, and increasing the grid resolution can help
improve the positioning accuracy. However, when the reso-
lution reaches a certain accuracy, it has almost no effect on

FIGURE 13. CDF of different grid resolution.

the positioning performance. For example, 0.6m × 0.6m and
0.8m× 0.8m grids get almost the same positioning accuracy.
At the same time, too high a resolution leads to an increase in
deployment cost and algorithm complexity. We want to find a
compromise between localization accuracy and deployment
cost. Therefore, considering the relationship between local-
ization cost and localization accuracy, the 0.8m × 0.8m size
is used as the grid resolution in this paper.

VI. CONCLUSION
In this paper, we proposed a device-free indoor localization
method based on LPHVG and CSI. Themethod achieves high
localization performance by mining the location informa-
tion between subcarriers and utilizing the statistical features
within subcarriers and network features between subcarriers
under the premise that a single AP and the tested object do
not need to carry equipment. The central idea is to utilize
the LPHVG algorithm to convert the amplitude and phase
information of CSI into a complex network and extract net-
work features, and then combine the network features with
the traditional statistical features to determine the specific
location based on SVR.We performed analysis and validation
in different environments and compare with different meth-
ods. The results show that the method outperforms existing
localization methods and has an excellent performance in
different environments.
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