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Abstract: Location information is the core data in IoT applications, which is the essential foundation
for scene interpretation and interconnection of everything, and thus high-precision positioning is
becoming an immediate need. However, the non-line-of-sight (NLOS) effect of indoor complex
environment on UWB signal occlusion has been a major factor limiting the improvement in ultra-
wideband (UWB) positioning accuracy, and the optimization of NLOS error has not yet been studied
in a targeted manner. To this end, this paper deeply analyzes indoor scenes, divides NLOS into two
forms of spatial occlusion and human occlusion, and proposes a particle filtering algorithm based
on LOS/NLOS mapping and NLOS error optimization. This algorithm is targeted to optimize the
influence of two different forms of NLOS, using spatial a priori information to accurately judge the
LOS/NLOS situation of the anchor, optimizing the NLOS anchor ranging using IMU to project the
virtual position, judging whether the LOS anchor is affected by human occlusion, and correcting
the affected LOS anchor using the established human occlusion error model. Through experimental
verification, the algorithm can effectively suppress two different NLOS errors of spatial structure and
human occlusion and can achieve continuous and reliable high-precision positioning and tracking in
complex indoor environments.

Keywords: UWB; NLOS; mapping; human occlusion; indoor positioning

1. Introduction

In the Internet of Things (IOT) era, location information attaches spatiotemporal
attributes to everything and is an essential foundation for achieving scene interpretation
and interconnection of everything. The global navigation satellite system (GNSS) can
provide outdoor positioning information with meter-level accuracy, which basically meets
the needs of outdoor location-based service (LBS) [1]. However, it is not practical to
rely on GNSS to provide LBS indoors due to building occlusion [2]. With the large-scale
development of indoor/underground space, people are increasingly active in the indoor
environment. In the face of the unfamiliar and overly complex indoor space, the need
for accurate indoor positioning becomes more urgent [3]. The global indoor positioning,
localization, and navigation (PLAN) market is expected to reach $28.2 billion by 2024,
growing at a compound annual growth rate (CAGR) of 38.2% [4]. Therefore, driven by
commercial potential, indoor positioning has been widely studied [5–11].

Due to its nanosecond non-sinusoidal narrow pulse characteristics and strong anti-
interference capability, UWB can achieve centimeter-level positioning accuracy in line-
of-sight environments [12]. Therefore, the technology is favored by major cell phone
manufacturers such as Apple, Samsung, NXP, Xiaomi, and OPPO as a promising industry
solution. However, in real indoor positioning, due to the complex spatial structure and
time-varying human occlusion environment, UWB, like other RF signals, is affected by
NLOS, multipath effects, and other factors, resulting in serious ranging errors, and the
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accuracy of positioning with UWB is directly affected. Optimizing the localization perfor-
mance with UWB in the NLOS environment has thus become the focus of the majority of
scholars [10,13–15]. The solution strategies can be divided into two types, one of which is
to make LOS/NLOS judgments on the current ranging signal and then correct the ranging
value of NLOS through error models. After the determination of NLOS, various channel
parameters of the signal are compared with prior information to make a classification.
The common methods include mathematical statistics [16] and machine learning [17]. In
the correction of NLOS errors, the error compensation model is generally trained by fit-
ting error models to experimental test data [18] and deep learning [19]. Although this
strategy can alleviate ranging errors to a certain extent, the establishment of error models
is closely related to the environment of experiments, so it is difficult to be universally
applied. Another is to design specific positioning algorithms in the positioning phase to
weaken the influence of NLOS errors on the final positioning results. Common methods
include various anti-difference filters [20–22] and the fusion of inertial guidance selected
from classical combined navigation strategies [3,23,24], where anti-difference filters can
compensate for short-time NLOS effects, but are not ideal for weakening the large-scale
NLOS errors caused by spatial structure, and the classic fusion solutions mainly rely on
IMU performance. By summarizing the existing schemes, we found that the experimental
scenarios of most studies are relatively ideal and simple. Small-sized wooden boards, glass
and metal boxes, and other objects are often used as obstacles in the NLOS occlusion, which
cannot truly reflect the complexity of indoor space, and the tags are generally placed over
the head of pedestrians in pedestrian localization, ignoring the influence of human body
occlusion, in addition, the NLOS with different characteristics are not differentiated and
analyzed in depth.

Therefore, in order to obtain high-precision pedestrian location information in a typical
indoor complex environment with spatial occlusion and no redundant anchor, this paper
analyzes the difference of the influence of different NLOS on UWB ranging from the real
positioning scene and classifies NLOS into NLOS with a fixed impact area due to indoor
spatial structure occlusion and NLOS of dynamic changes with pedestrian trajectory due
to human occlusion. For the spatial structure NLOS, firstly, the LOS/NLOS information
mapping of anchors is established based on the invariance of indoor spatial structure
combined with the location of anchor deployment, and the prior information of spatial
structure is fully utilized to accurately distinguish between LOS and NLOS anchors at any
location in space, then a method is designed to optimize the NLOS ranging value by using
the recursive location points of the low-cost IMU that comes with the device. For NLOS
that varies by human occlusion, a pedestrian occlusion UWB ranging error correction
model is established based on the relationship between the relative positions of the human
body, base station, and tag and the ranging error, then a UWB high-precision pedestrian
localization method dealing with NLOS errors is designed by using a particle filtering
solution, the effectiveness of this method is verified by real test experiments.

The main contributions of this paper can be summarized as follows:

(1) Analyze the difference of different NLOS effects on UWB ranging, classify NLOS
into fixed spatial structure NLOS and human occlusion NLOS that changes with
pedestrian movement for the first time.

(2) Using the indoor spatial structure relationship, combined with the deployment loca-
tion of base stations, the LOS/NLOS information mapping of anchors is quickly and
conveniently established to accurately distinguish LOS/NLOS anchors and further
optimize the range value of NLOS using the recursive position of IMU.

(3) A UWB error correction model for human body occlusion is established to compensate
for the error of NLOS for the dynamic human body occlusion.

(4) A novel high-precision pedestrian positioning method is developed to handle UWB
NLOS errors, and the system performance is verified.

The remainder of this article is organized as follows. We review the related work
in Section 2. Section 3 describes the establishment of an information map of positioning
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LOS/NLOS anchors and the optimization method for spatially structured NLOS ranging;
Section 4 describes the established UWB human occlusion error model; Section 5 presents
the designed high-precision positioning method; Section 6 presents the experiments and
experimental analysis; and finally, Section 7 concludes the paper.

2. Current Work

UWB positioning mainly relies on its unique RF characteristics, using the Time of Flight
(TOF) of the signal to calculate the distance between the transceiver and the transmitter
to estimate the location of the tag. The accuracy of ranging depends on the ability of the
receiver whether it can correctly determine the TOF of the first diameter signal [25]. In the
NLOS scene, the signal propagation path is more complex, as shown in Figure 1, Anc1
sends signals obscured by spatial obstacles, and the signal propagation will consist of
multiple paths of transmission, reflection, and bypass. The literature [10] compared and
discussed the direct, reflected, transmitted, and bypass propagation characteristics of three
different UWB systems in a factory environment. The conditions of the generation of NLOS
signal are closely related to the indoor structure, and several NLOS signals may be received
by the tag at the same time due to the complex spatial structure, which makes the UWB
range values jump severely. Thus, to optimize the ranging, using error modeling for NLOS
caused by spatial structure in a complex environment will no longer be an effective solution.
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Making use of the spatial geometric structure, semantics, feature points, and other
information contained in the spatial model can effectively guide and correct the positioning
effect [21,26], in addition to the map matching (MM) and map aiding (MA) algorithms,
the use of spatial structure map to solve NLOS problems has also received increasing
attention from scholars. Zhu researched an adaptive UWB positioning error map con-
struction method, using the idea of fingerprint positioning to range UWB on spatial grid
points, classifying the size of spatial grid points in a hierarchical manner according to
the distribution of error values, and further establishing an error model of non-uniform
positioning error grid to correct the positioning effect [27]. Wang used a map line segment
matching algorithm for NLOS identification of UWB signals based on the spatial relation-
ship between the anchor and the tag, observed the change in the range value, and adjusted
the observed value by setting a threshold. The method uses the idea of an anti-difference
algorithm to improve the localization effect, but the construction of spatial information is
more cumbersome and not fully utilized [28]. Based on the literature [27], Liu proposed
and implemented an indoor positioning system (IPS) based on a digital twin with UWB
signals. Based on the constructed digital twin, the optimal anchor layout, adaptive error
map construction, and positioning error mitigation are achieved [29]. Though the study
does not consider the instability of NLOS errors, the strategy of using the new technology
for building maps quickly is worth studying.
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In the person location scenario, as the carrier holding the tag, the human body must
block part of the ranging signal of anchors during the movement. Kiliç earlier studied the
human shadow effect when people stand in different positions between TAG and ANC
and found that the effect is similar to the infrastructure barrier [30]; subsequently, the issue
of human occlusion error has also attracted the attention of some scholars. Taking two
variables into consideration in the experiment, which are the angle of the human body
relative to the tag-anchor connection and the distance between the tag and the anchor,
Geng put the tag close to the human chest. Through the analysis of experimental data, the
error was modeled by dividing the UWB propagation into body surface propagation and
in vitro propagation [31]. On this basis, place the positioning tag at the wrist of the human
body; by considering the three indicators of signal bandwidth, the signal-to-noise ratio,
the angle formed by the human body, and the connection line between the tag and the
anchor, experiments were carried out in LOS and NLOS scenarios, and it was found that
the ranging errors in different scenarios are consistent with the Gaussian model, and the
angle-related wrist error model is further established [32]. Otim explored the interaction
between ultra-wideband and the human body by using the finite-difference time-domain
(FDTD) technique and found that the ranging error showed a Gaussian distribution in the
LOS environment and a Gamma distribution in the NLOS environment through statistical
analysis of the data and an error function model is established with this feature [33]. Then,
Otim focused on studying the effects of body wearable sensor positions, i.e., chest, arm,
ankle, wrist, thigh, forehead, and hand, and evaluated the ranging error; through the
analysis of tests, the best body sensor location is found to be the forehead, while the worst
is the chest [34]. Furthermore, by placing the tag at the forehead and the chest, based
on the ranging error model proposed in the literature [33], sub-meter level localization
accuracy of the human wearable sensor can be achieved by using a particle filter (PF) that
can help locate and track the human body [35]. The research results above are worthy of
our consideration and further in-depth study.

To the best of our knowledge, the problem of accurate indoor pedestrian localization
that takes into account the effects of two NLOS, namely spatial structure and human
occlusion, has not been solved. By summarizing the current state of research in the literature,
Our ideas are clarified to solve the problem. In this paper, Spatial prior information is
used to accurately judge the LOS/NLOS anchor situation. The NLOS anchor ranging
can be optimized by using IMU to derive the virtual position, the LOS anchor can be
judged whether it is affected by human occlusion, the affected LOS anchor can be corrected
by using the established human occlusion error model, and a high-precision localization
method for UWB in complex NLOS environment can be designed by combining the particle
filtering solution method. The comparative analysis of the experiments proves that the
system is able to track pedestrians accurately with a more robust performance compared to
the state-of-the-art approaches.

3. Spatial Structure NLOS Discrimination and Ranging Optimization Method

Using NLOS influence formed by large shopping malls, subway hubs, underground
parking lots, and other such complex indoor building structure is the direct cause of the
unsatisfactory indoor positioning accuracy. Though the spatial structure is complex, its
useful value can be found when the anchors are laid out, and the fixed spatial structure
can provide us with enough prior information to judge the LOS/NLOS area of anchors.
Therefore, to solve the problem of spatial structure NLOS discrimination and ranging
optimization, in this section, we first used a backpack-mounted LiDAR device to obtain
spatial prior information and established a UWB anchor LOS/NLOS map to achieve precise
determination of the LOS/NLOS condition from any location in space. The effectiveness of
the LOS/NLOS anchor discrimination was verified through practical experiments. We then
derived the positioning formula to demonstrate that ranging errors would significantly
affect the positioning solution. Finally, we designed a method to optimize NLOS ranging
values using the low-cost IMU provided by the device to correct NLOS ranging errors.
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3.1. UWB LOS/NLOS Anchor Mapping Method

Nowadays, with the promotion and application of LiDAR equipment, the collection
and construction of indoor space environments have become fast and accurate. As shown
in Figure 2a, this paper chose the lidar backpack device that fuses two 16-line Velodyne
lidar and a panoramic camera to collect information from room 314, covering an area of
744 square meters, which has typical spatial structure NLOS features like subways and
underground parking, the acquisition process takes about 2 min, and the generated LIDAR
point cloud can be shown in Figure 2c. A simple 2D plan of the experimental site can be
quickly generated, and the spatial dimensions of the site can be obtained by using modeling
software, as shown in Figure 2d, where the five gray rectangles are the columns in the site,
and the side length of the square column is 0.8 m.
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After acquiring the spatial information of the site, the LOS and NLOS areas in the
site can be quickly identified according to the location where the anchors are built. The
criterion for identification is to see whether the line connecting any point in space with
the anchor intersects with an obstacle (the column in this experimental site), then make a
judgment. If there is an intersection, it means that the ranging process is blocked, and at
this time, the location point where the tag is located is NLOS case relative to the anchor;
otherwise, it is LOS case.

As shown in Figure 3, the red dot is the location where the anchor is located, and the
black rectangle is the column in the site. P0, P1, P2, P3 are the corners of the column, and
the coordinates of the corners of the column are brought in to calculate the two-dimensional
equations of the four edges of the column (P0P1, P1P2, P2P3, P3P0). Taking the edge P0P1
as an example, the equation of the line for this edge is expressed as:

(
yP1 − yP0

)
x +

(
xP1 − xP0

)
y = xP0 ·yP1 − xP1 ·yP0

{
x ∈

(
xP0 , xP1

)
y ∈

(
yP0 , yP1

) (1)
Remote Sens. 2023, 15, 3555 6 of 24 
 

 

 

Figure 3. Schematic diagram of LOS/NLOS area determination at the anchor. 

Any point in space is an LOS state for the anchor and can be determined by calculat-

ing whether Equations (1) and (2) have an intersection. It is obvious to see in Figure 3 that 

the gray area enclosed by the 𝑑1 − 𝑑2 − 𝑃2 − 𝑃1 − 𝑃0 is the NLOS area with respect to Anc. 

3.2. Algorithms LOS/NLOS Discrimination Effect Validation 

To verify the usability of the LOS/NLOS maps of the anchor, we test in a 225 square 

meter area containing two columns on the right side of 314 site. Experiments were con-

ducted using the LinkTrack P device manufactured by NOOPLOOP. This device inte-

grates UWB and IMU modules and achieves clock synchronization between UWB and 

IMU at the hardware level. The UWB module selected for this device utilizes the DW1000 

chip, operating in the frequency range of 3744–4243 MHz, with a bandwidth of 499 MHz 

and a sampling frequency of 50 Hz. (This device was used for all experiments presented 

in this article.) A total of eight anchors from A0–A7 are set in the region, and the map is 

built with a sampling interval of 0.1 m, as shown in Figure 4a, where the red pentagram 

is the location of the anchor, the blue dot indicates the single anchor NLOS region, the 

cyan dot is the region of two anchors with simultaneous NLOS situation, the yellow is the 

region of three anchors with simultaneous NLOS situation, and the red dot is the region 

of four base stations with simultaneous NLOS situation. Through the effect demonstrated 

by Figure 4a, the LOS and NLOS situation of the corresponding anchor at any location 

can be quickly and accurately determined. To further verify the effect of determining the 

NLOS by building the map quickly, we conducted a field test on the region using UWB. 

The experiment was designed to walk around two columns, as shown in Figure 4b, with 

d0 as the starting point and d7 as the ending point. Taking the A0 anchor as an example, 

it can be seen that sections d3–d4 and d5–d6 are affected by NLOS. Figure 4c shows the 

ranging error of the A0 anchor in a three-dimensional form, where the X and Y axes indi-

cate the spatial relative position and the Z axis indicates the value of the ranging error, 

and Figure 4d is the ranging error in the form of two dimensions, where the X axis indi-

cates the path segment and the Y axis indicates the ranging error. As can be seen from the 

figure, when the AO anchor is in the LOS, the ranging error is stable within 0.2 m, which 

means that the ranging measurement is effective in the LOS case, while in the NLOS case, 

the ranging value has a serious deviation, with the maximum error reaching 4.49 m. This 

phenomenon also shows that the NLOS propagation signal is variable due to the influence 

of large indoor structures and complex environments, and the method of establishing an 

error compensation model by measurement is not an effective solution to improve the 

positioning effect in this environment. 

Figure 3. Schematic diagram of LOS/NLOS area determination at the anchor.



Remote Sens. 2023, 15, 3555 6 of 24

Among them,
(

xP0 , yP0

)
is the two-dimensional coordinate of point P0,

(
xP1 , yP1

)
is

the two-dimensional coordinate of point P1.

(
yAnc − ydi

)
x +

(
xAnc − xdi

)
y = xdi

·yAnc − xAnc·ydi

{
x ∈

(
xP0 , xP1

)
y ∈

(
yP0 , yP1

) (2)

Among them, (xAnc, yAnc) is the two-dimensional coordinate of the anchor,
(

xdi
, ydi

)
is the two-dimensional coordinate of any point in space.

Any point in space is an LOS state for the anchor and can be determined by calculating
whether Equations (1) and (2) have an intersection. It is obvious to see in Figure 3 that the
gray area enclosed by the d1 − d2 − P2 − P1 − P0 is the NLOS area with respect to Anc.

3.2. Algorithms LOS/NLOS Discrimination Effect Validation

To verify the usability of the LOS/NLOS maps of the anchor, we test in a 225 square
meter area containing two columns on the right side of 314 site. Experiments were con-
ducted using the LinkTrack P device manufactured by NOOPLOOP. This device integrates
UWB and IMU modules and achieves clock synchronization between UWB and IMU at
the hardware level. The UWB module selected for this device utilizes the DW1000 chip,
operating in the frequency range of 3744–4243 MHz, with a bandwidth of 499 MHz and
a sampling frequency of 50 Hz. (This device was used for all experiments presented in
this article.) A total of eight anchors from A0–A7 are set in the region, and the map is
built with a sampling interval of 0.1 m, as shown in Figure 4a, where the red pentagram
is the location of the anchor, the blue dot indicates the single anchor NLOS region, the
cyan dot is the region of two anchors with simultaneous NLOS situation, the yellow is the
region of three anchors with simultaneous NLOS situation, and the red dot is the region of
four base stations with simultaneous NLOS situation. Through the effect demonstrated
by Figure 4a, the LOS and NLOS situation of the corresponding anchor at any location
can be quickly and accurately determined. To further verify the effect of determining the
NLOS by building the map quickly, we conducted a field test on the region using UWB.
The experiment was designed to walk around two columns, as shown in Figure 4b, with
d0 as the starting point and d7 as the ending point. Taking the A0 anchor as an example,
it can be seen that sections d3–d4 and d5–d6 are affected by NLOS. Figure 4c shows the
ranging error of the A0 anchor in a three-dimensional form, where the X and Y axes indicate
the spatial relative position and the Z axis indicates the value of the ranging error, and
Figure 4d is the ranging error in the form of two dimensions, where the X axis indicates the
path segment and the Y axis indicates the ranging error. As can be seen from the figure,
when the AO anchor is in the LOS, the ranging error is stable within 0.2 m, which means
that the ranging measurement is effective in the LOS case, while in the NLOS case, the
ranging value has a serious deviation, with the maximum error reaching 4.49 m. This
phenomenon also shows that the NLOS propagation signal is variable due to the influence
of large indoor structures and complex environments, and the method of establishing an
error compensation model by measurement is not an effective solution to improve the
positioning effect in this environment.

Through the above analysis and comparison, the building method in the LOS/NLOS
anchor designed in this paper can be used to quickly lock the NLOS area of the anchor, and
the adoption interval can also be easily adjusted according to the demand. This work lays
the foundation for the judgment and trade-off of the validity of the anchor measurement
data in the subsequent positioning solution.

3.3. Relationship between Positioning Solution and Ranging Error

Take the 2D UWB positioning system as an example; by obtaining the distance between
the corresponding tag and the anchor and then drawing three or more circles with the
anchor as the center and the distance as the radius, the intersection of the circles is the
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location of the tag. Figure 5a shows the localization solution in the ideal case; the measured
distance value is the real value, so the localization result is the intersection of three circles.
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However, in reality, the signal is affected by noise during propagation and measure-
ment, so the actual measurement model between the anchor and the tag can be expressed as:

d
′
i = di + εi (3)

where d
′
i is the actual measurement value of the ith anchor, di is the real distance between

the anchor and the tag, and εi is the ranging error.
Figure 5b shows the localization solution in the LOS case, and the localization result

affected by the ranging error will be located in the red graphical region where the three
circles intersect. In the LOS case, the ranging error conforms to the Gaussian distribution,
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and the error is generally small at the centimeter level [36], which has a small influence
on the localization result. However, when NLOS ranging occurs, as shown in Figure 5c,
assuming Anc 2 as the NLOS anchor, the error caused by NLOS is often more serious
compared to the LOS error. As shown in the LOS/NLOS discrimination effect verification
experiment, the error of NLOS by the influence of the column reaches 4.49 m, and it can be
seen that the red graphic area where the three circles intersect is significantly larger.

Figure 5 shows that the accuracy of UWB positioning depends mainly on the ranging
accuracy of the anchor and the tag. When there is a large NLOS error, the localization
result will seriously deviate from the real value. Therefore, in the case of non-redundant
anchors, the range value of the NLOS anchor must be optimized to ensure the accuracy of
the localization solution.

3.4. Spatial NLOS Error Optimization Method

The low-cost IMU error accumulation is severe, and although the short-time recursive
accuracy is not as good as the UWB LOS ranging, it still has a significant advantage over
the NLOS ranging, which is tens to hundreds of times the error of the LOS ranging [36].
Therefore, this paper will optimize the NLOS ranging values using the IMU recurrence
position.

As shown in Figure 6, the blue ball is the real position of the tag movement, and for
the convenience of illustration, the position of blue ball No. 1 is represented by (xk+1, yk+1),
the dark green ball indicates the solved position in the UWB LOS case, and (x̂k+1, ŷk+1)
corresponds to the position of dark green ball No. 1. As can be seen from the figure,
when the tag moves to position No. 3 (xk+3, yk+3), the obstacle blocks the communication
signal of the anchor on the right, so the anchor will generate an NLOS error and the UWB
solution will be seriously deviated, and the tag result will deviate to the UWB NLOS
solution position

(
x̂NLOS

k+3 , ŷNLOS
k+3

)
indicated by the red ball in the figure. It can be seen that(

x̂NLOS
k+3 , ŷNLOS

k+3

)
has seriously affected the positioning accuracy of the tag, so we discard

the solution point, optimize the range value of the NLOS anchor and then re-solve it. In
this paper, we first use the anchor LOS/NLOS mapping to lock the position of the tag
at the previous moment of entering the NLOS region, such as the dark green ball No.
2 (x̂k+2, ŷk+2) in Figure 6, and use the UWB historical solution position combined with
smoothing filtering to obtain the velocity value

(
v̂x,k+2, v̂y,k+2

)
at this position, as shown in

Equations (4) and (5), where n is the smoothing window size, and t is the sampling period.

v̂x,k+2 = (x̂k+2 − x̂k+2−n)/n·t (4)

v̂y,k+2 = (ŷk+2 − ŷk+2−n)/n·t (5)
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The position at the moment k + 3 is recursively obtained (x̂k+2, ŷk+2) using the accel-
eration

(
âx,k+2, ây,k+2

)
and heading angle θ collected by the UWB device’s own low-cost

IMU in the current epoch, as indicated by the position
(

x̂IMU
k+3 , ŷIMU

k+3

)
in the yellow ball No.

3 in the figure, and calculated as shown in Equations (6) and (7).

x̂IMU
k+3 =

(
x̂k+2 + v̂x,k+2·t + 0.5âx,k+2·t2

)
·cos θ (6)

ŷIMU
k+3 =

(
ŷk+2 + v̂y,k+2·t + 0.5ây,k+2·t2

)
·sin θ (7)

The optimized NLOS anchor-ranging value d̂NLOS
k+3 is then obtained using

(
x̂IMU

k+3 , ŷIMU
k+3

)
combined with the location (xNLOS, yNLOS) of the NLOS anchor as shown in Equation (8).

d̂NLOS
k+3 =

√(
xNLOS − x̂IMU

k+3

)2
+
(

yNLOS − ŷIMU
k+3

)2
(8)

The optimized NLOS range value and the LOS anchor range value are substituted
into the localization solution to obtain the UWB localization solution, as shown in Figure 6
for the light green position No. 3 (x̂k+3, ŷk+3). Similarly, at the moment k + 4, the recursive
value of IMU

(
x̂IMU

k+4 , ŷIMU
k+4

)
is obtained on the basis of (x̂k+3, ŷk+3), and the NLOS anchor

range value is optimized using
(

x̂IMU
k+4 , ŷIMU

k+4

)
, and then the UWB localization solution

is performed to obtain the light green position No. 4 (x̂k+4, ŷk+4), and so on, until the
influence of NLOS disappears.

4. Human Error Compensation Model
4.1. Analysis of Human Blocking Phenomenon

Pedestrians will place the positioning device (i.e., tag) on their chests for easy interac-
tion during positioning. Due to the presence of the body, an NLOS region will be formed
in the opposite direction of pedestrian travel, as shown in the blue sector in Figure 7, and
the anchor in this region will also generate positive ranging bias due to the occlusion of
the human body. To verify the effect of pedestrian bodies on UWB ranging, we erected
anchors and tags on both sides of the pedestrian queue (dynamic), with tags about 0.5 m
away from the queue and a straight-line distance of 7.25 m from the anchor and the scene
is shown in Figure 8a. The change in the queue advance will have an impact on the UWB
range. To facilitate the analysis of the correlation between occlusion and error, a camera is
set up next to the anchor to capture the actual occlusion change of the pedestrian flow, and
the ranging error is obtained by subtracting the straight-line distance between the tag and
the anchor by 7.25 m. The UWB acquisition frequency is 50 Hz, and a total of 20 groups are
acquired with an interval of 30 s. The ranging situation of one group is shown in Figure 8b,
in which the horizontal coordinates are the epochs, the vertical coordinates are the ranging
error values, and the images pointed by arrows in the figure are the corresponding actual
occlusion of the epoch circled by the circles. From the figure, it can be found that the human
body has an obvious effect on the ranging of UWB, such as between 800 and 1200 epochs,
and the error values appear obvious ups and downs when the human flow passes quickly
and the first 158 epochs and around 850, 960, and 1100 epochs, the tag and the anchor are
just located in the queue gap and are in the LOS situation; therefore, the ranging error is
around 0 value. When in the NLOS environment due to human occlusion, for example,
a range error of 0.4 m was generated at 200 epochs, while at 883 and 1479 epochs, the
range error values increased significantly to 0.7 and 1.1 m, respectively, due to the closer
distance of the human body from the tag. It can be seen that the error of human occlusion
cannot be ignored, so the distance measurement values affected by human occlusion must
be optimized in order to obtain high-accuracy pedestrian positioning results.
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4.2. Vector Art Human Occlusion Error Modeling

In the literature [37], based on previous studies [30–35], the relative heading angle
(RHA) between TAG and ANC was considered by testing in three different experimental
scenarios outdoors and indoors, and it was found that the ranging errors conformed to a
Gaussian distribution at RHAs from π/2 to 5π/6 and to a gamma distribution from 5π/6
to π. Based on the experimental data combined with Gaussian distribution under LOS
and gamma distribution under NLOS, a UWB-ranging error model for human blocking is
constructed. The expression for the probability distribution is shown in (9) [37], where ε is
the ranging error, H(·) is the unit step function, THDoO is the angular threshold, DoO is
the degree of NLOS influence, µ and σ indicate the mean and standard deviation of the
distribution, and a constant term c is included in the model to account for spurious ranging
and situations where an error falls to the unsupported range of Gamma distribution. The
relationship between µ and angle is shown in (10) [37].

f (ε) = H(THDoO − DoO)· 1
σ
√

2π
·e−

(ε−µ)2

2σ2 + H(THDoO − DoO)·(λ·e−λε· (λε)k−1

Γ(k)
+ c) (9)

µ = g(DoO) = kL·DoO + cL (10)

In this paper, we will draw on the error model strategy devised in the literature [37],
and the selection of model parameters will be obtained by measuring two different indoor
scenarios, as shown on the left side of Figure 9. For the location of the tag, we consider the
normal posture of pedestrians viewing cell phones, and the tag is located in front of the
chest 25 cm, considering the shoulder width of adults to be about 50 cm; refer to Figure 7.
The angle value at 3π/4 and 5π/4 is the critical angle value of LOS and NLOS. In the choice
of relative angle with Anc, for the convenience of testing, this paper only measured the
interval from π/2 to π because of the symmetry relationship, the interval from π to 3π/2
is no longer considered, and the error model angle is also made the same consideration, as
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shown in the right side of Figure 9 for the top view schematic of the test experiment, the
legend is the same as Figure 7.
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Figure 9. Human occlusion indoor test scene and test schematic.

For both scenarios, UWB devices with a frequency of 50 Hz were used, and each set of
data was acquired for 30 s, with a total of about 24,000 data acquired. The measurement
error histogram is shown in Figure 10, where the error value is obtained by making a
difference between the measured value and the straight-line distance, and it can be seen
from the figure that the ranging errors at different angles conform to a normal distribution,
which is not quite consistent with what is described in the literature [37], where the error
data show a gamma distribution when the RHA is greater than 5π/6. This paper explored
this purpose when bringing the body closer to the tag (less than 0.1 m), the measurement
data will jump, and the error value will show a gamma distribution. Considering the
setting of tag and body distance in this paper, therefore, we will not consider the gamma
distribution anymore with the actual collected data. In the relationship between the error
and the angle through the graph labeled mean and variance can be seen when the angle is
less than 3π/4, UWB for LOS propagation, the error is basically 0; when the angle in the
3π/4 to π interval for NLOS propagation, the error value rose significantly; when the angle
for π, reached a maximum of 0.33 m, this phenomenon also corresponds to our experiments
designed by the tag, Anc, and the NLOS region formed by the spatial relationship between
the human body. The error situation is basically the same for both scenes at the same angle,
and only at 5π/6 and 8π/9, there is a slight deviation of 0.04 m, which may be because of
the deviation in the experimental anchor position placement.
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The mean and variance are shown in Figure 11a,b, and the distribution of the mean can
be more intuitive to see the relationship between the error value and the angle. Regarding
the data fitting, we chose the mean value of the NLOS environment data, as shown in
Figure 11c, and compared it by choosing a linear function and a cubic function, the R2 after
linear fitting is 0.928, and the RMSE is 0.067, and the R2 after cubic fitting is 0.983 and the
RMSE is 0.032, and the comparison shows that the cubic fitting is more effective. Therefore,
we differ from the literature [37] in choosing the cubic fitting formula to establish the error
model. The expression of the mean value of the error is shown in (11), and Equation (12) is
the probability density function of the error:

µ = g(θ) = 38.66·
(

θ

π

)3
− 107.7·

(
θ

π

)2
+ 95.15·

(
θ

π

)
− 28.76 θ ∈

(
3π

4
, π

)
(11)

f (ε) = H(θ − THθ)·
1

σ
√

2π
·e−

(ε−µ)2

2σ2 (12)

where ε is the ranging error, H(·) is the unit step function, THθ is the NLOS judgment
critical value taken as 3π/4, θ is the radian angle representation of RHA, and according to
the interval consideration of forming NLOS, the value range is taken as 3π/4 to π. It can
be observed in Figure 11b that the SD value of the ranging error is basically stable in the
interval from 3π/4 to π, and the SD value of the interval is averaged and set σ as 0.0184 m.
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5. Positioning Algorithm

The overall design flow of the algorithm is shown in Figure 12. Based on X̂k−1, X̂k|k−1
is predicted, and the LOS and NLOS of each UWB anchor are judged from the LOS/NLOS
mapping and the deployment location of the anchor established in Section III-A. For the
LOS anchors, we determine whether the LOS anchor is occluded by the human body
according to the current predicted tag position and direction, and if it is occluded, then
the range value of the LOS anchor is corrected using the human occlusion error model
established in Section IV-B. Further, determine whether the LOS anchor is greater than or
equal to three if it is satisfied, then exclude the NLOS anchor range value and only use the
LOS anchor range value to obtain Xk by particle filtering to solve the target current moment
state. If there are fewer than three LOS anchors, the range values of NLOS anchors must be
optimized, and the NLOS anchor range values are optimized using the method designed
in Section III-D. Then, the optimized NLOS anchor range values are solved together with
the LOS anchor range values using the adaptive extended Kalman filter method (AREKF)
designed in the literature [38] for the target state to obtain X̂k, while the X̂k is corrected
for IMU. An adaptive robust filtering algorithm (M–EO–AREKF) based on LOS/NLOS
mapping and human occlusion error optimization is formed.
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6. Experimental Verification and Analysis
6.1. Experimental Scheme

Combined with a complex inner environment, two experiments are designed without
human interference and with human interference in this chapter to verify the effect of the
algorithm proposed in this paper.

The site in Figure 2 is chosen for the experiment, and four UWB anchors are deployed
on the right half of the site, and the locations are shown as A0–A3 in Figure 13a. The
height of the tag in the experiment without human interference is adjusted to 1.9 m, which
is higher than the human body, as shown in Figure 13b. In the experiment with human
interference, the height of the tag is adjusted to 1.4 m, which is located in front of the human
chest and kept 0.25 m away from the human body, as shown in Figure 13c. These two
experiments follow the same path, which is shown in the red line in Figure 13a, around
two pillars, starting at d0 and ending at d7, with a total path length of 25 m. The black
square in the figure is a pillar, and it is the presence of the pillar that puts deployed anchors
into a serious NLOS effect. The experimental site is highly representative of the typical
environmental characteristics of office buildings and subway stations. Figure 14 shows
the non-line-of-sight area of anchors from A0–A3. Blue represents the area with only one
anchor NLOS, and yellow is the area with two anchors NLOS at the same time. As shown
in the figure, the d2–d3 and d3–d4 sections and the area near the end point d7 will be
affected by the dual anchor NLOS.
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6.2. Experimental Results and Analysis

According to the designed experimental site, the ranging values of four anchors are
obtained by UWB mobile tags, the system errors are first corrected by using the ranging
error correction model in the experiment, and then the results of different positioning
algorithms are compared and analyzed. A sampling frequency of 50 Hz is chosen for the
experiments. A total of 3407 epochs are acquired in experimental Scenario 1, and 3668
epochs are acquired in experimental Scenario 2. The basic information of the experimental
data collection is shown in Table 1.

Table 1. Basic Information of Experimental Data Collection.

Experimental Scenario Number of Epochs Collected Collection Time (s)

1 3407 68.14
2 3668 73.36
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Figure 15 shows the solved results of the tag movement trajectory in experimental
Scenario 1, in which the solid red line is the real trajectory of the walk, the black box is the
column in the experimental site, and the red dot is the location of the UWB anchor. The
blue stars represent the trajectory under EKF, the black circle is the trajectory solved by the
adaptive anti-difference filtering algorithm (ARKF) designed in the literature [39], the green
star is the trajectory solved by the adaptive extended Kalman filter method (MAP–AREKF)
based on the LOS/NLOS map which is proposed in this paper and used in selecting the
anchors and the magenta triangle is the trajectory solved by the adaptive extended Kalman
filter method (M–EO–AREKF) based on the LOS/NLOS map and NLOS error optimization.

Remote Sens. 2023, 15, 3555 15 of 24 
 

 

Table 1. Basic Information of Experimental Data Collection. 

Experimental Scenario Number of Epochs Collected Collection Time (s) 

1 3407 68.14 

2 3668 73.36 

Figure 15 shows the solved results of the tag movement trajectory in experimental 

Scenario 1, in which the solid red line is the real trajectory of the walk, the black box is the 

column in the experimental site, and the red dot is the location of the UWB anchor. The 

blue stars represent the trajectory under EKF, the black circle is the trajectory solved by 

the adaptive anti-difference filtering algorithm (ARKF) designed in the literature [39], the 

green star is the trajectory solved by the adaptive extended Kalman filter method (MAP–

AREKF) based on the LOS/NLOS map which is proposed in this paper and used in select-

ing the anchors and the magenta triangle is the trajectory solved by the adaptive extended 

Kalman filter method (M–EO–AREKF) based on the LOS/NLOS map and NLOS error op-

timization.  

 

Figure 15. Experimental solution results of Scenario 1. 

It can be intuitively seen in the figure that the EKF works poorly, the ARKF is better 

than the EKF, the MAP–AREKF is basically close to the real trajectory, and the M–EO–

AREKF works best, especially in the area of two anchors, it is closer to the real trajectory 

than the MAP–AREKF. This also visually proves the effectiveness of the algorithm de-

signed in this paper. 

The EKF calculates the trajectory directly using the ranging values of four anchors 

rather than optimizing the ranging values of the NLOS anchors. Due to NLOS, the solu-

tion results will show serious deviations. As can be seen in Figure 15, the EKF deviates 

severely in the region where NLOS appears, while the positioning result is solved better 

where all four anchors are LOS. To correct the ranging values that exceed the threshold, 

the matrix with robust factors is constructed by using single innovation values in the 

ARKF, which can optimize the ranging error of NLOS and improve the positioning accu-

racy within a certain range. As evidenced by the figure, the ARKF is better than the EKF, 

but the effect of optimization is not ideal in a wide range of NLOS, such as d4–d5 and d5–

d6 path segments. Ranging values of all anchors are involved in the EKF and ARKF meth-

ods; the reason why ARKF is better than the EKF is the NLOS ranging values are opti-

mized; however, optimization just weakens the ranging error rather than eliminating the 

Figure 15. Experimental solution results of Scenario 1.

It can be intuitively seen in the figure that the EKF works poorly, the ARKF is better
than the EKF, the MAP–AREKF is basically close to the real trajectory, and the M–EO–
AREKF works best, especially in the area of two anchors, it is closer to the real trajectory
than the MAP–AREKF. This also visually proves the effectiveness of the algorithm designed
in this paper.

The EKF calculates the trajectory directly using the ranging values of four anchors
rather than optimizing the ranging values of the NLOS anchors. Due to NLOS, the solution
results will show serious deviations. As can be seen in Figure 15, the EKF deviates severely
in the region where NLOS appears, while the positioning result is solved better where all
four anchors are LOS. To correct the ranging values that exceed the threshold, the matrix
with robust factors is constructed by using single innovation values in the ARKF, which
can optimize the ranging error of NLOS and improve the positioning accuracy within a
certain range. As evidenced by the figure, the ARKF is better than the EKF, but the effect of
optimization is not ideal in a wide range of NLOS, such as d4–d5 and d5–d6 path segments.
Ranging values of all anchors are involved in the EKF and ARKF methods; the reason
why ARKF is better than the EKF is the NLOS ranging values are optimized; however,
optimization just weakens the ranging error rather than eliminating the error thoroughly, so
due to the presence of NLOS, the positioning accuracy is degraded in the solution process.

The Map–AREKF method designed in this paper, firstly, uses the anchor LOS/NLOS
map to exclude the ranging values of NLOS anchors and only takes LOS anchors into
account; therefore, it can be seen from Figure 15 that in the area with only one anchor
NLOS, better accuracy can be obtained by using the ranging values of the other three LOS
anchors for the solution compared with EKF and ARKF. Figure 16 shows the LOS selection
of each anchor based on an LOS/NLOS map, the horizontal axis of the figure means the
trajectory of the experimental Scenario 1, and the vertical axis stands for the LOS of the
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anchors from A0–A3 at the corresponding path. Figure 17 shows the ranging error of the
four anchors, the horizontal axis shows the trajectory of experimental Scenario 1, and the
vertical axis shows the ranging error values of the epoch of the four anchors A0–A3 at the
corresponding motion trajectory. Ranging values deviated seriously affected by NLOS
of spatial structure, especially A1 anchor appears a ranging error of ten meters near the
point d2. The Figures 16 and 17 are combined in Figure 18 to compare and analyze each
ranging error of four anchors A0–A3 with the LOS of selection cases. The horizontal axis
of the figure shows the trajectory of experimental Scenario 1, the red star indicates the
ranging error of this anchor, which corresponds to the scale of the left vertical axis, and
the blue star indicates the LOS/NLOS selection of the algorithm for this anchor, which
corresponds to the classification of the right vertical axis. It is obvious from the figure
that the LOS/NLOS of anchors is selected well based on the anchor LOS/NLOS map,
determining the ranging information of anchors as NLOS when the ranging deviation
occurs. The solution of positioning accuracy is proved by eliminating the ranging errors of
NLOS anchors.
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The M–EO–AREKF method designed in this paper is an optimization function for the
ranging values of NLOS anchor added to the MAP–AREKF algorithm, and the algorithm
flow is described in Section 5. From Figure 15, M–EO–AREKF solves the trajectory better
than MAP–AREKF, which is closer to the real value. The trajectory absolute error between
the trajectory solved by the four positioning algorithms and the real trajectory is shown in
Figure 19, the error of the M–EO–AREKF algorithm designed in this paper is significantly
less than that of EKF and ARKF, which shows the effectiveness of picking LOS anchor algo-
rithm, and the M–EO–AREKF algorithm outperforms the MAP–AREKF without satisfying
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the three-anchor LOS solution conditions. It also indicates that the positioning performance
improvement in the ARKF is limited since it is not good at eliminating ranging errors
caused by the spatial structure. By combining Figures 17 and 19, it can be seen that when
the anchor experiences severe deviation due to NLOS influence, the positioning results of
EKF and ARKE at the corresponding time are also the worst.
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The error probability statistics of the four positioning algorithms are shown in
Figure 20. 82% of the positioning error of the EKF algorithm is within 1 m, and 90%
is within 1.65 m; 90% of the positioning error of the ARKF algorithm is within 0.325 m; 90%
of the positioning error of the MAP–AREKF algorithm designed in this paper is within
0.25 m. The M–EO–AREKF algorithm designed in this paper delivers 90% of the position-
ing error within 0.23 m, which is slightly better than MAP–AREKF due to the fact the
scenario of simultaneous two anchor NLOS accounts for less of the entire experiment.
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The tags were disturbed by the human body during the motion in Scenario 2. The
ranging errors of the four anchors are shown in Figure 21, and, especially in the case of line-
of-sight, the ranging errors are more serious than Scenario 1. Furthermore, the difference
between NLOS errors generated by the spatial column occlusion in the two experiments
is large, meaning NLOS is generated in the environment with certain randomness. Thus,
eliminating NLOS errors with error models will not achieve satisfactory results. Figure 22
presents a comparative analysis of the ranging error, M–EO–AREKF algorithm-corrected
ranging error of the four anchors from A0-A3, and LOS selection. The horizontal axis
in the figure indicates the motion trajectory segment of the experimental Scenario 2, the
green triangle indicates the ranging error value of this anchor, and the red star indicates the
ranging error after algorithm optimization, corresponding to the scale of the left vertical
axis, and the blue star indicates the LOS/NLOS selection of the algorithm for this anchor,
responding to the classification of the right vertical axis. Taking the A0 anchor as an
example, in the d1–d2, d2–d3, d4–d5, and d5–d6 segment paths, the anchor will be affected
by human occlusion with the analysis of the experimental scenario. To address this problem,
the algorithm designed in this paper can first accurately determine the road sections affected
by human occlusion and then optimize the ranging error according to the relative angle. As
observed in Figure 22a, the error of these paths before optimization is larger compared with
that of Scenario 1, Figure 18a, while the error results after optimization are significantly
better than before optimization, which also proves the effectiveness of the designed error
compensation and algorithm. In addition, as shown in Figure 18 of Experimental Scenario
1, the positioning accuracy of the solution is ensured because the method based on the
LOS/NLOS map of the anchor is also well selected for the LOS/NLOS of the anchor.
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Figure 22. Comparison of each anchor LOS selection and ranging error under the trajectory of
experimental Scenario 2.

Figure 23 shows the solved results of the tag movement trajectory in Scenario 2, where
the red solid line is the real trajectory of walking, the blue star is the trajectory solved by
the EKF algorithm, the black circle is the trajectory solved by the ARKF algorithm, the
green star is the trajectory solved by the MAP–AREKF algorithm, and the magenta triangle
is the trajectory solved by the M–EO–AREKF algorithm designed in this paper. In this
experimental scenario, the ranging value appears to have serious forward deviation due
to the influence of two different characteristics of the spatial structure and the human
body. The solved result in the EKF is worst for no optimization to ranging values. By
comparison, the ARKF effect is better than the EKF because the ARKF can attenuate the
effect of NLOS error by anti-difference, yet the optimization effect is general when facing
such a large and long NLOS effect of spatial structure. Though the MAP–AREKF result is
close to the real trajectory, the accuracy is not good as in the experimental Scenario 1 in that
the MAP–AREKF algorithm does not take the ranging errors caused by human occlusion
into account. In contrast, M–EO–AREKF works best since the algorithm optimizes the
anchor ranging values via the anchor of the LOS/NLOS map and optimizes the NLOS
errors when the solution conditions are not satisfied, correcting the ranging values affected
by the spatial structure and human occlusion.
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The absolute errors of the trajectory of the four algorithms in Scenario 2 are displayed
in Figure 24, and Figure 25 shows the probability statistics of the algorithm positioning
errors. 90% of the positioning error of the EKF algorithm is less than 1.63 m; 90% of
the positioning error of the ARKF algorithm is less than 0.47 m; 90% of the positioning
error of the MAP–AREKF algorithm is within 0.45 m; 90% of the positioning error of the
M–EO–AREKF algorithm designed in this paper is below 0.28 m.
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The error statistics and histograms of the two experimental scenarios are shown in
Table 2 and Figure 26, and combined with the graphs, in either scenario, the M–EO–AREKF
algorithm designed in this paper is significantly superior to the EKF and ARKF algorithms.
According to statistics, the positioning accuracy of the M–EO–AREKF algorithm is im-
proved by 84% and 46% compared with EKF and ARKF algorithms, respectively, when just
influenced by NLOS of spatial structure. In the complex indoor environment affected by
two different NLOS of indoor spatial structure and human occlusion, the M–EO–AREKF
algorithm achieves higher positioning accuracy than the EKF, ARKF, and Map–AREKF
algorithms, with improvements of 76.8%, 40.6%, and 12.5%, respectively.

Table 2. RMSE statistics for Scenario 1 and Scenario 2.

Scene EKF (m) ARKF (m) MAP–AREKF (m) M–EO–AREKF (m)

1 0.88 0.26 0.16 0.14
2 0.82 0.32 0.31 0.19
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Table 3 presents the computational time statistics of the algorithm for a single epoch. In
terms of efficiency, Map–AREKF and M–EO–AREKF are not as effective as EKF and REKF.
This is because Map–AREKF and M–EO–AREKF incorporate information map matching
during their execution, particularly in the case of M–EO–AREKF, where the assessment and
optimization of ranging values for NLOS base stations and LOS base stations obstructed by
pedestrians are involved. These processes increase the computational time. The average
time for a single computation using the M–EO–AREKF algorithm is 2.59 × 10−4, which is
still significantly lower than the sampling time of 0.02 s for a single epoch in the experiment.
While it may not achieve the real-time performance of EKF, it does not compromise the
real-time positioning of pedestrians and other non-high-speed movements.

Table 3. The average value of the single epoch calculation time of the four experimental algorithms (s).

Scenario EKF ARKF Map–AREKF M–EO–AREKF

1 8.95 × 10−5 6.09 × 10−5 1.74 × 10−4 2.37 × 10−4

2 8.54 × 10−5 5.95 × 10−5 1.45 × 10−4 2.59 × 10−4

Based on the analysis of the experimental results, the following conclusions can
be drawn:

• The indoor spatial structure has a significant impact on the range, and if the NLOS error
is not eliminated, serious positional deviations will occur when the ranging values
with serious errors are brought into the algorithm for solving. The EKF algorithm
directly uses the ranging values of the four UWB anchors for positioning without
optimizing the NLOS ranging values. Due to the impact of NLOS, the positioning
results have significant bias. This is also the reason why the EKF algorithm performs
the worst in complex indoor scenarios.

• The ARKF algorithm can correct the short-term fluctuation of ranging errors to a
certain extent and performs well in handling NLOS caused by random pedestrian
occlusion. However, when facing large-scale NLOS caused by the indoor spatial
structure and self-occlusion errors caused by the human body, the correction effect of
the ARKF algorithm is moderate.

• Algorithms based on anchor LOS/NLOS map information can quickly and accurately
identify the LOS/NLOS status of each anchor based on the indoor spatial structure.
This method is a prerequisite for correcting the ranging values of NLOS anchors.

• The Map–AREKF algorithm uses a spatial NLOS error optimization method to effec-
tively solve the NLOS error caused by indoor spatial structures. However, it cannot
effectively correct ranging errors caused by pedestrian self-occlusion.

• In addition to the advantages of the Map–AREKF algorithm, the M–EO–AREKF
algorithm proposed in this paper utilizes a human occlusion error correction model
to effectively optimize the error caused by pedestrian self-occlusion. Experimental
results demonstrate that this algorithm can achieve effective, reliable, and continuous
high-precision pedestrian localization.



Remote Sens. 2023, 15, 3555 22 of 24

7. Conclusions

The development of indoor high-precision positioning has been limited by the ranging
errors caused by the complex indoor environment, and pedestrian navigation positioning
is also affected by the obstruction of the human body. Therefore, reasonably avoiding
and eliminating the influence of environmental NLOS is an effective means to improve
positioning accuracy. This paper firstly analyzes the NLOS error of UWB ranging in
the real environment of indoor positioning, divides the NLOS into NLOS with fixed
influence area due to indoor spatial structure occlusion and NLOS with dynamic change of
pedestrian trajectory due to human occlusion, and proposes a targeted solution. For the
spatial structure NLOS, this paper first establishes the LOS/NLOS information mapping
of anchors based on the invariance of indoor spatial structure combined with the location
of anchor placement, makes full use of the a priori information of spatial structure, and
realizes the accurate differentiation between LOS and NLOS anchors at any location in
space, and then design a method to optimize the NLOS range value by using the recursive
location point of the low-cost IMU that comes with the device. For the NLOS that varies
by human occlusion, we establish a pedestrian occlusion UWB ranging error correction
model based on the relationship between the relative positions of the human body, anchor,
tag, and ranging error. Based on this, we designed the M–EO–AREKF algorithm and
verified through experiments that the algorithm can effectively suppress two different
NLOS errors of spatial structure and human occlusion and realize the effective, reliable,
and continuous high-precision positioning function in an indoor complex environment,
and the positioning accuracy is improved by 76.8% and 40.6% compared with EKF and
ARKF algorithms, respectively.

During the research and experiment process of this paper, we also found that the opti-
mization deployment strategies and evaluation criteria for indoor UWB anchors in complex
environments are not yet well-established. Therefore, in future work, we will conduct
research on optimization deployment algorithms for anchors, combining position dilution
of precision (PDOP) with UWB NLOS ranging error as a constraint, further improving the
indoor UWB anchors optimization deployment plan, and achieving a more reliable indoor
positioning system.
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