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In a precise positioning system, weak signal errors caused by the influence of a human body on signal transmission in complex
environments are a main cause of the reduced reliability of communication and positioning accuracy. Therefore, eliminating the
influence of interference from human crawling waves on signal transmissions in complex environments is an important task in
improving positioning systems. To conclude, an experimental environment is designed in this paper and a method using the Ultra-
Wideband (UWB) Local Positioning System II (UWB LPS), called Bayesian Compressed Sensing-Crawling Waves (BCS-CW),
is proposed to eliminate the impact of crawling waves using Bayesian compressive sensing. First, analyse the transmission law
for crawling waves on the human body. Second, Bayesian compressive sensing is used to recover the UWB crawling wave signal.
Then, the algorithm is combined with themaximum likelihood estimation and iterative approximation algorithms to determine the
label position. Finally, through experimental verification, the positioning accuracy of this method is shown to be greatly improved
compared to that of other algorithms.

1. Introduction

With the continuous improvement of wireless technologies
such as Bluetooth, ZigBee, and Wi-Fi and the rapid develop-
ment of ad hoc networks and the Internet of Things, wireless
networks have attracted increasing attention from academic
circles. Location-based services (LBS) are generally consid-
ered to be indispensable key technologies [1–4]. Information
from a location service is helpful in providing advance warn-
ings, in decision-making and in emergency postprocessing
in the network [5]. For example, wireless networks can be
applied to provide location service in complex environments
such as coal mines, helping to provide advance warnings of
possible disasters. When a disaster occurs, such services can
identify the best rescue locations for rescue personnel and
aid in planning the safest escape route during evacuations.
Information from location services can also provide intuitive
geographic information, allowing users to make better deci-
sions and improve the user experience. Using a positioning
function, wireless networks in usual office environments can
help staff easily find the nearest available printer. However,

the contribution of location service information to wireless
networks extends much further than that. Wireless location
information has a wide range of applications in both static
networks and mobile networks [6]. Providing better location
services is dependent on the underlying location technolo-
gies. Therefore, positioning technology plays a decisive role
in the further development of wireless network and research
to improve positioning technology is particularly important.

The channel model and ranging error model are impor-
tant foundations for location algorithms and system perfor-
mance evaluation can provide simulation data for research on
ranging and positioning algorithms [7].However, the existing
channel and ranging errormodels for Time-of-Arrival (TOA)
do not consider human positions and do not include the
impact of the human body on the channel and ranging
accuracy [8]. In TOA ranging, only the transmission time
of the line-of-sight channel between a sender and a receiver
represents an accurate distance value [9]. Thus, in indoor
environment, detecting the correct signal arrival time from
the multipath received signal, the TOA estimation algorithm
is the biggest challenge for TOA positioning. Evaluating the
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performance of a TOA estimation algorithm requires the
support of a multipath channel model [10]. Although the
IEEE 802.15.4a standard provides multipath channel models
for indoor positioning, these models do not consider the
impact on signal transmission of human bodies that carry
the sensors [11]. According to the principle of electromagnetic
wave diffraction, when the front of the waveform reaches an
obstacle, its propagation direction will change accordingly. If
the surface of the obstacle is relatively smooth and curved,
the electromagnetic wave will continue to propagate along
the surface of the obstacle.This mode of propagation is called
a crawling wave [12]. Existing research results show that the
curved surfaces of the human body cause crawling wave
phenomena [13]. Although the human body has a strong
shielding effect on the direct-view signal, human crawling
waves allow partially obstructed signals to still reach the
receiver [14]. The combined effect of human crawling waves
and multipath effects will cause change in the number of
received signal paths, signal arrival times, and signal energy,
which can all affect the accuracy of TOA measurements [15].
When a UWB signal propagates around a human body, the
UWB signal's direct path is undetectable due to the human
body's occlusion and the UWB channel characteristics are
affected by the complex radio wave environment. Thus, a
UWB channel model in the human body occlusion scenario
differs from the general applicationmodel: the UWB channel
model in the human body occlusion scenario is much more
complex [16]. Therefore, selecting reasonable measurement
methods, scene variables, and data analysis methods is
indispensable for modelling TOA ranging errors in human
occlusion application scenarios.

Current UWB positioning is generally divided into Line-
of-Sight (LOS) and Non-Line-of-Sight (NLOS) cases, and
most are based on AOA estimation. If the base stations
were able to perform both TOA estimation and Direction-
of-Arrival (DOA) estimation at the same time, only one base
station would be needed for positioning. Previous studies
[18–20] have proposed UWB positioning methods based on
TOA-DOA joint estimation. In [18], the authors proposed
a three-step joint estimation algorithm that first used the
threshold correlation method to perform TOA estimation
and then used the least mean square algorithm to perform
joint estimation of the TOA and DOA time difference.
Finally, by increasing the wave estimation accuracy, the
time difference is obtained by the DOA estimation. In [19],
another three-step joint estimation algorithm was proposed.
First, the maximum likelihood estimation algorithm was
used to perform the preliminary TOA estimation; then, a
further joint estimation of the TOA and the arrival time
difference was conducted. Finally, the DOA estimation was
acquired using the time difference of arrival (TODA) and
the geometric trigonometric cosine theorem. The study in
[20] proposes a two-step joint estimation algorithm that
uses the TC algorithm to perform a rough estimate of the
TOA and then uses a log-likelihood equation to obtain the
maximum value. To improve the estimation accuracy of TOA
and perform DOA estimation, the algorithm design of [18,
19] requires three steps. While these algorithms are more
complex the estimation accuracy of the algorithm in [20] is

limited by the sampling frequency; the sampling frequency
is in GHz. The Nyquist rate and the system complexity are
higher. The approach proposed that this paper eliminates
the effect of the synchronization clock through the improved
Kalman filter algorithm. We conduct a large number of
experiments to verify the method’s performance. The main
contributions of this paper are as follows:(1) The classical Saleh–Valenzuela channel approach
models the channel impulse response. The method achieves
reliable channel estimation and provides an effective UWB
channel model.(2) We perform three-dimensional modelling of the
human body to identify the crawling waves generated when
signals propagate on the surface of a human body and study
the causes and propagation rules of the crawling waves. We
weaken the effects of crawling waves on signal propagation
through the envelope detectionmethod and the synchronous
product detection method. Then, we study the processed
crawling wave signal and spectral density to provide a the-
oretical basis for the Bayesian compressive sensing recovery
signal model.(3) Bayesian compressive sensing restores the UWB
signals affected by the human body and combines maxi-
mum likelihood estimation with iterative approximation to
determine the label position. The feasibility of this method
is verified by analysing the signal and spectral density after
modulation and demodulation.(4)We provide thorough experimental verification of the
proposed algorithm’s performance in a real environment.The
article algorithm effectively eliminates the effect of human
occlusion on positioning accuracy.We compare the proposed
algorithm with existing algorithms to demonstrate that our
algorithm performs better.

The remainder of this paper is structured as follows:
Section 2 details the related work of the system used in this
study. Section 3 describes the algorithm design. Section 4
presents the experiments and an analysis, and Section 5
provides conclusions and future work.

2. Related Work

2.1. UWB Signal Model. In the classical Saleh–Valenzuela
channel model, multipath components arrive in a cluster
and the arrival time of rays in a cluster follows a Poisson
distribution. The channel impulse response can be modelled
as follows:

ℎ (𝑡) = 𝐿∑
𝑙=1

𝐾∑
𝑘=1

𝛼𝑘𝑙𝛿 (𝑡 − 𝑇𝑙 − 𝜏𝑘𝑙) (1)

where 𝛼𝑘𝑙 represents the gain coefficient of the 𝑘 path of
the 𝑙th cluster, 𝛿(𝑡) is the Dirac trigonometric function, 𝜏𝑘𝑙
is the delay of the 𝑘th multipath with respect to the arrival
time 𝑇𝑙 of the 𝑙th cluster, 𝐿 is the number of clusters, and 𝐾
is the number of multipath in the cluster. In addition, |𝛼𝑘𝑙|
follows a lognormal distribution. Due to prior knowledge
of channel statistics, we can design a more effective channel
estimation algorithm. Figure 1 shows the power delay distri-
bution of the Saleh–Valenzuela channel model. The channel
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Figure 1: Saleh–Valenzuela channel model.
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Figure 2: Signal propagation path in a human-occluded application scenario.

follows multipath branches to the receiver, the amplitude is
exponentially distributed within the cluster, and there is an
attenuation trend between clusters.

2.2. Crawling Wave Generation. Human body occlusion is
a special scenario in non-line-of-sight (NLOS) propaga-
tion. Under human body occlusion, when the transmitting
antenna and the receiving antenna are both on the same side
of the human body, they are not blocked and pass directly
through each other during propagation. Thus, signal path
energy loss detection can accurately obtain the direct path
signal [19]. However, when the transmitting antenna and the
receiving antenna are on different sides of the human body,
they are blocked and the energy loss of the direct-path signal
cannot be determined from the energy loss of the multipath
signal; therefore, the direct-path signal cannot be detected
[20]. A large number of research results have shown under
human occlusion wireless signals form diffracted waves on
the surface of the human body, resulting in reflected and
scattered waves from objects around the human body. The
radio waves in the channel consist mainly of the above three
forms in the channel during propagation [21]. According
to the principle of electromagnetic wave diffraction, when
the leading edge of a waveform of a radio wave reaches

an obstacle, its propagation direction also changes [22].
Because the surface of the human body is smooth and
curved, a surface crawling wave forms when the wireless
signal propagates on a human body [3]. Despite the strong
shielding effect of the human body on the direct-path signal,
the surface crawling wave results in a partially occluded
wireless signal through propagation on the human body
surface; thus, the wireless signal still reaches the receiving
antenna. However, the number of signal paths, signal arrival
time, and signal energy attenuation all undergo changes that
affect the accuracy of TOA ranging results [23]. Therefore,
for applications in the presence of human occlusion, the
surface crawling wave is the most critical factor affecting
wireless signal propagation and TOA ranging. An analysis
of the surface crawling wave can help to model the TOA
ranging error in the human occlusion application scenario
and provide a theoretical basis.

Figure 2 depicts the propagation process of wireless
signals in a human occlusion application scenario [24]. The
wireless signal is emitted by the transmitting antenna Tx,
impacts the human, and then crawls from one side to the
other along the surface of the human body, finally reaching
the receiving antenna Rx through propagation in the air. As
shown in Figure 1, when the transmitting antenna moves
from the T1 position to the T4 position, the distance between
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the transmitting and the receiving antennae continuously
decreases and the wireless signal crawling distance on the
human body surface increases and finally propagates through
the air. The distance travelled also decreases. According to
the distance-based UWB human body propagation model
proposed in [25], when the wireless signal propagates on
the human body surface, the signal energy per unit distance
attenuates faster than that of signal energy propagated in the
air. Figure 2 shows that when the transmitting antenna and
the receiving antenna are in the vicinity of the human body,
the signal energy attenuation mainly occurs because of the
path loss caused by the body surface crawling wave. As the
transmitting antenna gradually moves away from the human
body, the signal energy attenuation path loss mainly occurs
from air propagation [26, 27]. Therefore, there is a critical
point between the human body and the antenna for waves
under human occlusion. The location of this critical point is
the main cause of signal energy attenuation [28, 29]. Because
the path loss caused by surface crawling waves is larger than
the path loss of wireless signals transmitted through the air,
the surface crawling waves cause larger TOA ranging errors
[30, 31]. Therefore, under human occlusion, the position of
the critical point between the human body and the antenna
also determines the size of the TOA ranging error and is the
main reason for its occurrence.

2.3. Bayesian Compressed Sensing Model. A real signal 𝑥 ∈𝑅𝑁×1 can be represented by a weight coefficient 𝜑𝑁∗𝑁, which
can be expressed on a 𝜃 basis as follows:

𝑥 = 𝑁∑
𝑖=1

𝜃𝑖𝜑𝑖 i.e. x = 𝜑𝜃 (2)

where 𝑥 and 𝜃 are all𝑁×1-order three-dimensional vec-
tors and 𝜑 = [𝜑1, 𝜑2, 𝜑3, . . . , 𝜑𝑁] and 𝜃 = [𝜃1, 𝜃2, 𝜃3, . . . , 𝜃𝑁]𝑇
are vectors containing𝐾 nonzero coefficients.We can express
the canonical form of 𝑙𝑝 as ‖ ⋅‖𝑝 and 𝜃 as a sparse signal of size𝐾 if 𝜃 satisfies ‖𝜃‖0 ≤ 𝐾. Then, the compressed measurement
sequence 𝑦 can be obtained by using the linear measurement
of the measurement matrix 𝜙 ∈ 𝑅𝑀×𝑁 (𝑀 < 𝑁), as shown in

𝑦 = 𝜙𝑥 = 𝜙𝜑𝜃 (3)

where 𝜙 is the 𝑀 × 𝑁-order matrix representing the
sample system and 𝜙𝜑 is defined as the compressed sensing
matrix in the compressed sensing problem.

The process of recovering x from the measurement
sequence y is called sparse reconstruction. However, this
model is an NP-hard problem. Nevertheless, Chen and
Candes [31] showed that when the matrix 𝜙𝜑 satisfies certain
restricted isometric properties (RIP) with high probability,
the reconstruction model can be solved as a linear program-
ming problem, expressed as follows:

∧𝜃 = argmin ‖𝜃‖1
s.t. 𝑦 = 𝜙𝜑𝜃 (4)

In the above formula, when 𝜙 and 𝜑 are unrelated, 𝜙𝜑
has a high probability of satisfying the RIP. In general, the

randomly generated measurement matrix 𝜙 is not related to
any fixedmatrix𝜑. In this paper, we use the Bernoulli random
matrix for 𝜙.

In the standard CS framework, the signal reconstruction
problem is mainly solved by convex optimization methods
such as basic tracking (BP) and greedy algorithms such as
matching pursuit (MP) and orthogonal matching pursuit
(OMP).

Compression sensing is used to recover the signal
through a small number of measurements, and compression
sensing can accurately restore the original signal when it
is sparse. In other words, after the influence of human
body occlusion, the original propagation signal can still be
accurately restored. The compressed-sensing signal model is
similar to the traditional signal model. Assuming that a is the
signal to be perceived, the perceptual process of this signal is
described by

𝑏 = 𝐴𝑎 (5)

where 𝑎 ∈ 𝑅𝑛 is the original signal to be perceived, A is
an 𝑚 × 𝑛-dimensional measurement matrix, and 𝑏 ∈ 𝑅𝑚 is
the resulting measurement signal. According to the previous
signal sampling model, 𝑚 ≥ 𝑛; however, because m can be
much smaller than n when the original signal is sparse, the
original signal can also be accurately recovered. In addition,
the compressed sensing measurement matrix is randomly
generated, effectively avoiding measurement errors.Thus, for
a k-dimensional sparse signal, the randomly measured 𝑚
needs to satisfy the following conditions:

𝑚 = 𝑂(𝑘 log(𝑛𝑘)) (6)

Based on the above theoretical description, sparse rep-
resentation is used in this paper to represent the signal.
The sparsity here involves our understanding of the signal
transmission strength. The sparse definition derived from
mathematical experience is that a vector contains at most k
non-zero sparse elements and is calculated by the k-norm,
defined as follows.

Definition 1. A vector is called k sparse signal if

‖𝑥‖0 = # {𝑖 : 𝑥𝑖 ̸= 0} ≤ 𝑘 (7)

All the k sparse vector geometries are represented as ∑𝑘;
however, combining this with the actual expression is not
conducive to calculation. Therefore, we derive Definition 2
to define the best approximation of the k-dimensional sparse
vector.

Definition 2. Assuming that 1 ≤ 𝑝 < +∞ and 𝑟 > 0,
a signal under a constant C and attenuation index r vector𝑥 = (𝑥𝑖)𝑛𝑖=1 ∈ 𝑅𝑛 is called a 𝑝−compressible signal if

𝜎 (𝑥)𝑝 fl min
𝑥∈∑𝑘

𝑥 − 𝑥∼𝑝 ≤ 𝐶 ⋅ 𝑘−𝑟 (8)

Then, for any 𝑘 ∈ {1, . . . , 𝑛}, the next signal is the
structurally sparse signal. The nonzero sparsity of sparse
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signals generally does not randomly appear at any given
signal position; instead, their patterns are structural. For
example, the main coefficient of a nonzero discrete cosine
transform (DCT) coefficient of an image is concentrated in
a given part; the other part can be its wavelet decomposition
form, which can be shown as a tree structure, defined as
follows.

Definition 3. Let Λ ⊂ {1, . . . , 𝑛}, 𝛿 > 0, and vector 𝑥 =(𝑥𝑖)𝑛𝑖=1 ∈ 𝑅𝑛 be called 𝛿−-related sparse vectors if

1Λ ⊂ 𝑥1 ≤ 𝛿 (9)

The k-sparse signal can be considered more extensive,
while the structure sparsity is based on the signal structure
plus some other structural. Let 𝑥 ∈ 𝑅𝑛 be a k-sparse signal
that belongs to the linear subtree of all signals with the same
support set space; then, set ∑𝑘 is a set of subspaces where
vector Λ satisfies |Λ| ≤ 𝑘. The natural definition proposed
in [3] is as follows.

Definition 4. Vector 𝑥 ∈ 𝑅𝑛 belongs to a set of subspaces
when a cluster of subspaces (𝑊𝑗)𝑁𝑗=1 ∈ 𝑅𝑛 exists such that

𝑥 ∈ 𝑁⋃
𝑗=1

𝑊𝑗 (10)

At the same time, a sparse fusion frame concept was
also proposed in [24]. The fusion framework is also a set
of subspaces whose signals have the nature of a framework.
Signal (𝑊𝑗)𝑁𝑗=1 ∈ 𝑅𝑛 is a fusion framework within the
boundaries A and B if

𝐴‖𝑥‖22 ≤
𝑁∑
𝑗=1

𝑃𝑤𝑗 (𝑥)22 ≤ 𝑏𝑏 ‖𝑥‖22 ∈ 𝑅𝑛 (11)

where 𝑃𝑤𝑗 is the orthogonal projection in subspace 𝑤𝑗.
The fusion frame theory extends the traditional frame theory.
It can be proposed that the structuremethod is not a subspace
extension by analysing the sparse fusion frame theory when
the signal is projected in an arbitrary-dimensional subspace.

3. Algorithm Design

3.1. BCS-CW Algorithm. Based on statistical information of
the measurement signal, prior knowledge of the signal in
the sparse domain and CS is represented in the Bayesian
framework. Compression measurements should also con-
sider measurement noise and additional noise, expressed as
follows:

𝑦 = 𝜙𝜑𝑇𝑥 + 𝜀 = 𝜙𝜃 + 𝜀 (12)

where 𝜀 = [𝜀1, 𝜀2, 𝜀3, . . . , 𝜀𝑁] is an error vector containing
measurement noise and additional noise. The error vector 𝜀
is generally modelled as an independent zero-mean Gaussian

distribution with a variance of 𝜎20 . If it is defined as 𝜀𝑁(0, 𝜎20),
a Gaussian likelihood model is obtained:

𝑝 (𝑦 | 𝜃, 𝜎20) = (2𝜋𝜎20)−𝐾/2 exp(− 12𝜎20
𝑦 − 𝜙𝜃2) (13)

As mentioned above, the coefficients are sparsely con-
strained.The previously widely used sparsity is the Laplacian
density function:

𝑝 (𝜃, 𝜆) = (𝜆2)
𝑁

exp(−𝜆 𝑁∑
𝑖=1

𝜃𝑖) (14)

Therefore, the solution in (14) corresponds to the prior
maximum a posteriori in (13).

However, the Laplacian prior is not conjugate with
Gaussian likelihood, and the associated Bayesian inference
may not be performed in closed form. An associated vector
machine (RVM) has been applied that has similar properties
to the Laplacian prior but allows convenient conjugate index
analysis. Thus, zero-mean Gaussian priors are considered for
each element of 𝜃:

𝑝 (𝜃 | 𝛼) = 𝑁∏
𝑛=1

𝑁(𝜃𝑛 | 0, 𝜎2𝑛) (15)

where 𝛼 = [𝛼1, 𝛼2, 𝛼3, . . . , 𝛼𝑁] is the accuracy (antivari-
ance) of the Gaussian density function, giving priority to 𝛼:

𝑝 (𝛼 | 𝑎, 𝑏) = 𝑁∏
𝑛=1

Γ (𝛼𝑛 | 𝑎, 𝑏) (16)

By marginalizing the hyperparameter 𝛼, the overall a
priori value on 𝜃 is

𝑝 (𝛼 | 𝑎, 𝑏) = 𝑁∏
𝑖=1

∫∞
0
𝑁(𝜃𝑖 | 𝛼−1𝑖 ) Γ (𝛼𝑖 | 𝑎, 𝑏) 𝑑𝛼𝑖 (17)

Based on the above discussion, the Bayesian linear model
considered on the RVM is essentially a simplified model for
Bayesian model selection. We can express the posterior of 𝜃
as aGaussian distributionwhosemean and variance are given
by

𝜇 = 𝛼0∑𝜙𝑇𝑦 ∑ = (𝛼0𝜙𝑇𝜙 + 𝐴)−1 (18)

where 𝛼0 = 1/𝜎20 and 𝐴 = diag[𝛼1, 𝛼2, . . . , 𝛼𝑁]. If
we already know these parameters of 𝜃, we can use the
posterior mean as an estimate of {𝛼0, 𝛼}. To estimate the
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above parameters, the equivalent of maximizing themarginal
probability of E is

𝐿 (𝛼0, 𝛼) = −12 [𝐾 log (2𝜋) + log |𝐶| + 𝑦𝑇𝐶−1𝑦] (19)

In the above formula, 𝐶 = 𝜎20𝐼 + 𝜙𝐴−1𝜙𝑇. The point
estimate for A uses the Type 2 Maximum Likelihood (ML)
method; thus, it results in the following iterative update rules:

𝛼𝑛𝑒𝑤0 = 𝐾 − ∑𝑁𝑖=1 𝛾𝑖𝑦 − 𝜙𝜇22
𝛼𝑛𝑒𝑤𝑖 = 𝛾𝑖𝜇2𝑖 ,

𝑖 ∈ {1, 2, 3, . . . , 𝑁}
(20)

where 𝜇𝑖 is the 𝑖th element of 𝜇 in (14), 𝛾𝑖 = 1 − 𝛼𝑖∑𝑖𝑖,∑𝑖𝑖 is the 𝑖th diagonal element of ∑ in (14), and 𝐾 is the
measured length 𝑦. The parameters {𝛼0, 𝛼} can be obtained
after multiple iterations and then used to calculate 𝜇.
3.2. Bayesian Compressed Sensing Recovers UWB Signals.
To solve the signal compression sensing recovery problem,
commonly used effective solutions include greedy iterative
algorithms, nonconvex optimization-based iterative algo-
rithms, convex optimization algorithms, and graph theory-
based information transfer algorithms. Considering the
propagation characteristics of UWB signals under human
occlusion, for this study, we chose a simple and effective
greedy algorithm.

The greedy algorithm solves the problem iteratively. The
core idea is to find the relevant columns of measurement
matrix A using a greedy approach and then find the cor-
responding sparse solution. In each iteration, the algorithm
selects a column in the measurement matrix related to y
and minimizes the mean square error at each step. Then,
the corresponding row contribution subtracts the remaining
residual from 𝑦, which generally requires m iterations. The
termination criteria for algorithms generally differ. Most of
the iterative algorithms are derived from matching pursuits
(Matching Pursuits, MP) and Orthogonal Matching Pursuits
(OMP). The greedy algorithm generally has low computa-
tional requirements in sparse conditions that increase with
the complexity. However, the signal in this case is not partic-
ularly sparse, but thatmeans that the signal recovery becomes
more complex. In this case, we combine the Bayesianmethod
and the greedy iterative method. The execution steps for the
Orthogonal Matching Pursuit (OMP) algorithm are listed
below.

Step 1. Inputmeasurementmatrix A,measurement y, and the
error threshold 𝜎.
Step 2. Set k = 0, initialize 𝑥𝑈𝑊𝐵0 = 0, initialize the residual𝑟0 = 𝑦 − 𝐴𝑥𝑈𝑊𝐵0, and obtain the support set 𝑆0 = sup𝑝𝑥0 =⌀.

Step 3. Let k = k + 1 and select 𝑖0 for all i so that min𝑐‖𝑐𝑎𝑖0 −𝑟𝑘−1‖2 ≤ min𝑐‖𝑐𝑎𝑖 − 𝑟𝑘−1‖2, 𝑆𝑘 = 𝑆𝑘−1 ∪ {𝑖0};

Step 4. As calculated by Step 3 𝑥𝑈𝑊𝐵𝑘 = min𝑥𝑈𝑊𝐵‖𝐴𝑥𝑈𝑊𝐵 −𝑦‖2, in fact 𝑥𝑈𝑊𝐵 = 𝑆𝑘;
Step 5. Calculate the residual 𝑟𝑘 = 𝑦 − 𝐴𝑥𝑈𝑊𝐵𝑘 from Step 4.

Step 6. If ‖𝑟𝑘‖2 ≥ 𝜎 then output the value of the recovered
signal 𝑥𝑈𝑊𝐵𝑘; otherwise, return to Step 2.

The above algorithm provides a basic definition of the
OMP algorithm.

Definition 5. The measurement matrix 𝑚 ∗ 𝑛 is one dimen-
sion; let 𝑥𝑈𝑊𝐵 ∈ 𝑅𝑛 be the solution of the P0 problem and
satisfy

𝑥𝑈𝑊𝐵0 < 12 (1 + 𝜇 (𝐴)−1) (21)

Then, the OMP algorithm can completely recover the
UWB signal 𝑥𝑈𝑊𝐵.

For the OMP algorithm, when one of the following two
conditions is met:

(a) The mutual relationship number satisfies A 𝜇(𝐴) <1/(2𝑀 − 1),
(b) The measurement matrix A satisfies the M+1-order

RIP condition, where the constant 𝛿𝑘+1 is satisfied.
Then, the OMP algorithm will completely recover the k

sparse signal from 𝑦 = 𝐴𝑥𝑈𝑊𝐵 after k iterations. If the ele-
ments of the measurement matrix A are taken independently
from the Gaussian distribution, then the OMP will recover
the original value with a high probability at the measurement
number 𝑂(𝑘 log 𝑛) of the UWB signal.

4. Performance Testing and Analysis

4.1. Implementation Method

4.1.1. Experimental Environment. For this study, we con-
ducted experiments in both indoor and outdoor environ-
ments and included a laboratory, a Meeting-Room, and a
corridor. The outdoor environments included a soccer field
and an area outside a school building. For each venue, we
placed laptops in more than 10 places and placed tags in
several different locations. During the experiment, one or
more people moved within the environment, for example,
students walking on the football field or in the research lab.
Diagrams of the experimental environments are shown in
Figures 3 and 4.

4.1.2. Hardware Test Environment. Thehardware systemused
in this paper is the I-UWB LPS positioning system. At
present, the system has achieved 5cm positioning accuracy
for a single-label. Figure 5(a) shows the positioning of the
base station module and the tag; Figure 5(b) shows the
power supplymodule; Figure 5(c) shows a network diagram
of the nodes where the middle tag passes the positioning
among the four base stations; and Figure 5(d) shows the
serial port communication interface.
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Figure 3: Actual experimental environment diagram.
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Figure 4: Experimental environment plan.

4.2. Performance Analysis

4.2.1. Human Influence on the Signal. When a signal passes
through a human body, a certain degree of attenuation occurs
due to the blocking effect, and the signal forms a crawling
wave. To express the effect of crawling waves intuitively, they
are represented by a carrier signal and a modulated signal, as
shown in Figure 6.

As shown by the carrier signal diagram in Figure 6(a),
intuitively, signal propagation in the unmanned state is
almost undisturbed, the carrier signal waveform tends to
be flat and steady, the carrier signal spectrum has obvious
regularity, and the signal approximates linear propagation;
that is, the signal variations are weak—almost zero. The
modulation signal diagram in Figure 6(b) shows that the
signal is not as smooth as the carrier signal in the unmanned
state in the experiment. However, the signal still shows some
regularity, which confirms the presented concept of crawling
waves. From Figure 6(b), it can be clearly seen that the
law of crawling waves provides a theoretical basis for the
subsequent Bayesian compressive sensing to eliminate the
impact of crawling waves. Simultaneous modulation of the
signal spectrum further confirms the method of this paper.

4.2.2. Bayesian Algorithm Influence. Under the premise of
reducing the impact of human crawling waves, we studied the
effects of Bayesian compressive sensing algorithm on signal
transmission by analysing the modulated signal, as shown in
Figure 7(a), and studied the signal recovery effect of Bayesian
compressive sensing by evaluating the signal filtering effect,
as shown in Figure 7(b).

From Figure 7(a), it can be seen that the Bayesian
compressed sensing signal fusion integrates the crawling
wave signal, and the obtained carrier signal is obviously
much smoother. The impact of the crawling wave exists but
decreases, indicating that the signal attenuation effect has
been obtained and significantly improved. The filter gain
response is shown in Figure 7(b). As the frequency increases,
the filter gain tends to be stable and swings at -80 dB, which
shows that the best effect of the gain response is -80 dB and
that the corresponding signal frequency is 500 Hz.

From the Bayesian compressive sensing signal obtained
as described above, the crawling wave is demodulated using
two methods, as shown in Figure 8.

An analysis of Figure 8 shows that the envelope detection
method and the synchronous product detectionmethod both
perform weak processing on the detected crawling wave
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(a) Base station (b) Power supply (c) Network diagram (d) PC-side

Figure 5: Hardware testbed [17].
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Figure 6: Carrier signal and spectral density of carrier and modulation signals.

and reduce the debilitating effect of the signal. Comparing
the waveform and spectral effects of the two methods, it is
clear that the synchronous product detection method has
more obvious effects on crawlingwaves: the debilitating effect
of the signal after processing is significantly reduced. This
result paves the way for the subsequent Bayesian compressive
sensing to restore the signal strength.

The waveform and frequency of the signal before filtering
are shown in Figure 9(a), and the gain response of the filter is
shown in Figure 9(b).

By comparing the signal waveform before, after filtering
and the spectrum change law, we can see that the scheduling
value m plays a crucial role in signal modulation. The effect
of the scheduling value m on the modulation of the crawling
waves is shown in Figure 10.

As can be seen from the analysis in Figure 10, the present
design accomplishes the modulation and demodulation of
the AM signal and completes the time domain analysis of the
AM signal. Through the Fourier transform, the spectrum of
themodulated signal and the demodulated signal is obtained.
As an illustration, we first set the amplitude of the carrier to 5,
set the frequency to 3000, set themodulation to 0.1, modulate
the useful signal, and obtain the corresponding waveform.
Then, we use the two detection methods to solve the mod-
ulated waveform. For tuning, the two methods used are the
envelope detection method and the synchronous product

type detection method; together, the methods achieve the
demodulation of the modulated wave. We also studied the
effect of modulation on power and found that the ratio of the
total power of the double sideband to the average total power
gradually increased as the modulation degree increased.

At the end of these experiments, we studied the influ-
ence of the modulation degree on the waveform. When
the modulation degree is zero, the modulation signal has
no waveform, and as the modulation degree increases, the
waveform becomes increasingly obvious. However, when the
modulation degree exceeds 1, signal distortion occurs and
unwanted waveforms appear. This indicates that the value of
the modulation degree is between 0 and 1; it cannot be 0, and
the maximum value is 1. A higher carrier frequency f can be
selected, and the time sampling interval needs to be designed
to be larger.

After completing the above signal processing, the influ-
ence of the crawling waves is successfully eliminated, and the
signal weakness generated when the signal is blocked by the
human body is effectively reduced.

4.2.3. Impact of BCS-CW. After exploring the effects of
human body occlusion and the Bayesian algorithmon the sig-
nal transmission effect, this study performed experiments on
the proposed algorithm combinedwith Bayesian compressive
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Figure 9: The waveform and frequency of the signal.
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sensing and obtained the transmission effect, positioning
error, and sample numbers of the processed UWB signal.The
relationship between these values is shown in Figure 11. The
frequency state of the signal is shown in three-dimensional
coordinates in Figure 12.

Figure 11 shows that as the number of samples increases,
the positioning error changes. From the graph analysis, it can
be seen that the maximum error is 5 m when the number of
samples is between 800 and 1000, but the error tends toward 0
when the number of samples is between 0 and 400 or in excess
of 1500. The ideal error situation occurs when the number of
samples is between 1000 and 1500—the portion of the graph
with a downward trend. This analysis shows that the number
of samples has a certain influence on the positioning error.

The signal frequency diagrams on the x, y, and z-axes,
respectively, are shown in Figure 12.

Figure 12 shows that the spectrum density of the UWB
signals after Bayesian compressed sensing recovery is rel-
atively stable, which indicates that the impact of crawling
waves has largely been eliminated and demonstrates that
Bayesian compressive sensing signal recovery has a signifi-
cant effect on the elimination of crawling waves, providing
support for further UWB accurate positioning. To verify the
superiority of this method, we compared the algorithm with
the Bayesian algorithm, the PCA algorithm, and the Kalman
filter algorithm in both simple and complex environments, as
shown in Figure 13.

From Figure 13, we can see that this algorithm signifi-
cantly improves the localization accuracy compared to the
other three methods in both simple and complex environ-
ments particularly in the latter. These results fully verify
that the BCS-CW algorithm has a good recovery effect on
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Figure 13: Comparison of positioning accuracy in simple and complex environments.

UWB signals. It can be seen that the accuracy of BCS-
CW is significantly higher than the PCA and Kalman filter
algorithms. The BCS algorithm has the lowest accuracy.
While ensuring high accuracy, the reliability and safety of
the proposed algorithm are much higher than the other
three methods. At the same time, the cost of the BCS-CW
algorithm is relatively lower compared to other methods. In
summary, the performance of the algorithm in this paper
achieves a more accurate positioning and tracking effect.

5. Conclusions

In this paper, by combining the advantages of previous
positioning methods, we propose a BCS-CW method that
uses the local positioning system II-UWBLPS in conjunction
with Bayesian compressive sensing to eliminate the effects of
crawling waves under an environment with four base station
tags. By analysing the transmission law of crawling waves on
the human body, we obtained the main reason for the influ-
ence of human body occlusion on UWB signal transmission.
Bayesian compressive sensing can recover the obtained UWB

crawling wave signal; then, maximum likelihood estimation
and the iterative approximation algorithm are combined to
determine the tag’s location. Finally, combined with actual
environmental experiments, the proposed positioning accu-
racy after eliminating the impact of human crawling waves is
greatly improved compared to other algorithms.The problem
to be solved in future work is how to completely eliminate
debilitated signals under human body occlusion. We plan to
conduct further research in future work.
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