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Abstract—Ultra wide band (UWB) systems use time
information instead of the popular received signal
strength indication (RSSI). UWB is known for its
high position accuracy in localization. RSSI-based lo-
calization is easily affected by signal attenuation and
has a poor localization accuracy as compared to the
time of arrival (TOA) technique. In this paper, dif-
ferent localization algorithms for the UWB system
were analytically reviewed. The performance of the
localization algorithms is discussed in terms of root
mean square and cumulative distribution function of lo-
calization errors. The experiment results demonstrate
the effectiveness of different localization algorithms for
UWB indoor positioning. The fingerprint estimation
algorithm shows better performance compared to lin-
earized least square estimation and weighted centroid
estimation algorithms. The experimental results show
that the linearized least square algorithm has poor
performance for UWB indoor localization.

Index Terms—Indoor localization, ultra wide
band, least square estimation, fingerprint estimation,
weighted centroid estimation.

I. Introduction

Indoor localization is challenging particularly when the
global positioning system (GPS) [1] or base transceiver
station (BTS) [2] is not useful for positioning. The existing
indoor positioning systems are ultra-wideband (UWB) [3]-
[7], radio frequency identification (RFID) [8], Bluetooth
[9], Zig bee [10], pedestrian dead reckoning (PDR) [11],
visible light communication (VLC) [12] and WiFi systems
[13]. Among these technologies, ultra-wideband (UWB)
has been widely used for indoor localization. UWB is an
attractive research area for indoor positioning and the
results from UWB are more accurate as compared to other
technologies. In UWB, short pulses are transmitted over
a large bandwidth in the frequency range from 3.1 to 10.6
GHz, using a very low duty cycle. This technology has less
power consumption as compared to other systems. The
maximum range of this technology is 10-20 m [14]. The
UWB technology has many advantages in terms of inter-
ference and accuracy. UWB signals can easily penetrate
the indoor materials and the short duration of UWB pulses
make them less sensitive to multipath effects. However, the
UWB system has many disadvantages such as high cost,

short-range communication and it requires extra hardware
on different user devices. In this paper, we analyze the
performance of the UWB indoor system in terms of local-
ization accuracy. We consider the line-of-sight (LOS) and
non-line-of-sight (NLOS) UWB systems and estimate the
localization errors. For estimating the position, we use the
linearized least square estimation (LLSE), fingerprint es-
timation (FPE), and weighted centroid estimation (WCE)
algorithms and analyze the performance of each algorithm
in LOS and NLOS conditions.

II. Model for UWB Indoor localization
A model for indoor localization using UWB measure-

ments [15] is shown in Fig. 1. The model consists of refer-
ence nodes (RNs), a blind node, and system controller. The
reference nodes are mounted in fixed positions with known
coordinates and the blind node (BN) is used to measure
the time of arrival (TOA) between BN and RNs. The
distances are estimated using the TOA-distance model
as indicated in the figure. The distances are combined as
the measurement signal and sent to the system controller.
In the system controller, we use LLSE, FPE, and WCE
algorithms for position estimation.

Fig. 1: Localization system using UWB-based measure-
ments.

A. Linearized Least Square Estimation (LLSE)
The simplest localization algorithm used in UWB indoor

localization is the LLSE algorithm. In this method, the
position is estimated by minimizing the squared discrepan-
cies between observed data [16]. The distance between the
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tag and the ith anchor is expressed from their coordinates
as follows [17]

di = ‖p − pi‖ =
√

(xp − xi)2 + (yp − yi)2 (1)

where p = (xp, yp) is the tag position and pi = (xi, yi) is
the ith anchor position. Squaring and simplifying (1) then

di
2 = (xp − xi)2 + (yp − yi)2 (2)

di
2 = xi

2 + xp
2 − 2xixp + yi

2 + yp
2 − 2yiyp (3)

When we consider a reference point N , then (3) can be
rewritten as

dN
2 = xN

2 + xp
2 − 2xN xp + yN

2 + yp
2 − 2yN yp (4)

Subtracting (4) from (3), then the equation can be ex-
pressed as

d2
i −d2

N +x2
N +y2

N −x2
i −y2

i = 2(xN −xi)xp +2(yN −yi)yp

(5)
From (5), a compact expression is shown in the matrix
form as

b = Ap (6)

where p is a 1×2 matrix, b is an N ×1, and A is an N ×2
matrix and are given by (7), (8), and (9).

p =
[

x
y

]
(7)
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
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(8)

A = 2




x1 − xN y1 − yN

x2 − xN y2 − yN

. .

. .
xN−1 − xN yN−1 − yN




(9)

If A is a square matrix, then the estimated position of
the tag is expressed as

p̂ = A−1b (10)

Otherwise, pseudo-inverse is used to compute the esti-
mated position as [18]

p̂ =
(
AT A

)
AT b (11)

B. Fingerprint Estimation (FPE)
The most popular localization algorithm for UWB in-

door localization is the fingerprint estimation. In this
method, we create a fingerprint map of distances of an-
chors and tag and estimate the position of tag by com-
paring the current tag distance with fingerprint database.
In this method, we divide the experiment area into grid
points and estimate the tag distance from each anchor for
fingerprint database. This process is called offline phase.

After creating the fingerprint database, do the experiment
again and collect the tag distance from each anchor and
this stage is called online phase. The distance data in
the online phase are compared to the offline phase and
estimate the Euclidian distance. The smallest Euclidian
distance is estimated as the real position of the tag.
The stored measurements in the fingerprint maps are
denoted as f j , the grid points are pj , and the number
of measurements are M , then we have

f j = [f j
1 , f j

2 , . . . .., f j
M ] (12)

The distance data from the tag to anchors can be ex-
pressed as

d = [d1, d1, . . . .., dM ] (13)

The position of tag is estimated by comparing the mea-
sured distance with fingerprint database. The comparing
vector at position j is expressed as [19]

γj = d − f j (14)

The smallest distance from the above vector matrix is the
estimated position of the tag and it is formulated as

jmin = arg min
(∥∥γj

∥∥)
(15)

The tag position is estimated as

pjmin =
[

xjmin

yjmin

]
(16)

C. Weighted Centroid Estimation (WCE)
In this method, the positions from the anchors and the

appropriate weights between the tag and each anchor are
used for estimating the tag position. As compared to other
localization methods, WCE is a range free method and it
does not require ranging information for estimating the tag
position. The position of tag is estimated by the centroid
estimation approach and the centroid of the anchors is
expressed as

[
x
y

]
=

[
X1+X2+...+XNa

Na
Y1+Y2+...+YNa

Na

]
(17)

where x and y are the estimated tag coordinates, Xi and
Yi, i = 1, 2, . . . , Na are the coordinates of the ith anchor,
and Na is the number of anchors. The tag position is
expressed as

[
x
y

]
=
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1
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
 (18)

III. EXPERIMENTS AND RESULT ANALYSIS
For the performance analysis of different localization al-

gorithms for UWB systems, we first create a 2-dimensional
simple area, 100 × 100 m area, and then add the positions
of the three anchors. Next, we create a channel model
for the system and data for transmission. The Euclidian
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Fig. 2: Trajectories of true position, UWB position estimation for LOS condition. (a) LLSE. (b) FPE. (c) WCE.

Fig. 3: Localization errors for LOS condition. (a) LLSE. (b) FPE. (c) WCE.

distance between the tag and each anchor is used for data
creation and Gaussian noise for both LOS and NLOS
condition is added to the system. In the LOS condition
the mean value of Gaussian noise is to be zero and for
NLOS condition it is to be a non-zero value. The received
signals are processed by LLSE, FPE, WCE, localization
algorithms to obtain the estimated locations of the tag.
The experimental results in LOS condition are shown in
Fig. 2.

Fig. 2. illustrates the estimated positions of tag in
UWB localization. The blue marks indicate the estimated
tag position and the red line is the true position. The
FPE algorithm shows better performance as compared
to LLSE and WCE. However, the computational time
and complexity of FPE is high as compared to other
estimation methods. In the figure, some small regions
where the estimation errors are relatively high. These
regions indicate that the estimated tag positions do not
depend on the localization algorithms. These regions of
high localization errors are due to the interference in the
UWB system. The localization errors for LOS condition is
shown in Fig. 3.

From the Fig. 3 the LLSE algorithm has the maximum
RMSE as compared to FPE and WCE. However, the y
position errors for the LLSE algorithm are less affected to
the distortion as compared to other algorithms y position
errors. Fig. 4 shows the cumulative distribution function
of localization errors.

Fig. 4: CDF plots of LLSE, FPE and WCE localization
algorithms for LOS condition.

From the LOS CDF plots, it can be seen that the FPE
and WCE show similar localization error as compared to
LLSE. When the experiment starts FPE algorithm shows
better results as compared to other methods and when
experiment time increases LLSE algorithm shows better
results as compared to FPE and WCE. The performance
of the localization algorithms for LOS condition is shown
in TABLE I.
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Fig. 5: Trajectories of true position, UWB position estimation for NLOS condition. (a) LLSE. (b) FPE. (c) WCE.

Fig. 6: Localization errors for NLOS condition. (a) LLSE. (b) FPE. (c) WCE.

TABLE I: Performance of the localization algorithms for
LOS condition.

Localization
method

Mean
error
(m)

Max.
error
(m)

Min.
error
(m)

Average
computation
time (s)

LLSE 0.7491 1.0101 0.0017 1.5136
FPE 0.7273 0.83 0.0053 1.4649
WCE 0.7009 0.96 0.001 1.4578

From TABLE I, it is clear that the FPE algorithm
shows high position accuracy as compared to LLSE and
WCE algorithms. However, FPE needs prior knowledge
of experiment area and also man power for fingerprint
data collection. When the experiment setup changes, FPE
needs to update the fingerprint database.

The position estimation for NLOS condition is shown in
Fig. 5. From Fig. 5, it is clear that the FPE algorithm gives
high position accuracy in NLOS conditions as compared
to LLSE and WCE. Fig. 6 shows the localization errors
for NLOS conditions.

From Fig. 6, it can be seen that the LLSE algorithm
has a highest RMSE as compared to other localization
algorithms. The localization error for 40 s to 60 s for
FPE is less affected the distortion as compared to WCE
error results. Among these localization algorithms, FPE
algorithm is the best algorithm for position estimation for
UWB indoor localization. The CDF plots of LLSE, FPE
and WCE localization algorithms for NLOS conditions is

shown in Fig. 7.

Fig. 7: CDF plots of LLSE, FPE and WCE localization
algorithms for NLOS conditions.

From NLOS CDF plots, the FPE algorithm shows high
position accuracy when the experiment starts. The posi-
tion accuracy of FPE algorithm reduces when experiment
time increases. The performance of the localization algo-
rithms for NLOS condition is shown in TABLE II.
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TABLE II: Performance of the localization algorithms for
NLOS condition.

Localization
method

Mean
error
(m)

Max.
error
(m)

Min.
error
(m)

Average
computation
time (s)

LLSE 0.7855 1.83 0.0097 1.5530
FPE 0.7827 1.68 0.0011 1.4906
WCE 0.7327 1.78 0.0101 1.4765

IV. Conclusion

This paper analyzed the performance of different lo-
calization algorithms for UWB indoor localization. FPE
algorithm shows better performance for LOS and NLOS
conditions. However, the computational time and com-
plexity of FPE is high as compared to LLSE and WCE.
The position accuracy depends on the experiment time.
When the experiment time increases the FPE algorithm
gives poor performance as compared to LLSE. The LLSE
algorithm shows high position accuracy when the experi-
ment time increases. At some points of the experiment, the
FPE and WCE show the same performance as compared
to LLSE.
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