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ABSTRACT In this work, we propose and demonstrate a received-signal-strength (RSS) based visible-
light-positioning (VLP) system using sigmoid function data preprocessing (SFDP) method; and apply it
to two types of regression based machine learning algorithms; including the second-order linear regression
machine learning (LRML) algorithm, and the kernel ridge regressionmachine learning (KRRML) algorithm.
Experimental results indicate that the use of SFDP method can significantly improve the positioning
accuracies in both the LRML andKRRMLalgorithms. Besides, the SFDPwithKRRML scheme outperforms
the other three schemes in terms of position accuracy, with the experimental average positioning error of
about 2 cm in both horizontal and vertical directions.

INDEX TERMS Visible light communication (VLC), visible light positioning (VLP), light-emitting-diode
(LED), machine learning.

I. INTRODUCTION
Due to the growing popularity of Internet-of-Thing (IoT),
smart mobile devices and artificial intelligence (AI),
the demand for highly precise indoor positioning is increasing
rapidly. Although the Global Positioning System (GPS) is
common nowadays, it is not suitable for indoor positioning
since the GPS signals sent from the satellites and mobile-
phone base stationswill be blocked by buildingwalls. Besides
GPS, systems such as Bluetooth, Radio Frequency Identifi-
cation (RFID), Wireless-Fidelity (Wi-Fi), Ultra-Wide Band
(UWB), etc. can also provide indoor positioning [1], [2].
For example, the UWB technology is based on transmitting
radio-frequency (RF) short pulses with a low duty cycle.

The associate editor coordinating the review of this manuscript and

approving it for publication was San-Liang Lee .

This allows accurate localization and tracking of mobile
devices in indoor environments [2]. However, these RF
based systems could suffer from interferences generated
by other RF wireless devices and may not be applicable
in RF restricted areas. Visible light communication (VLC)
is considered as a promising wireless technology for the
future wireless and mobile networks [3]–[9]. It is license-free
and electromagnetic interference (EMI) free. It can use the
existing light-emitting-diode (LED) lighting infrastructure as
transmitter (Tx) to provide illuminance and communication
simultaneously. In addition, it can release the pressure on the
highly congested RF communication spectrum.

One important feature of VLC is that it can pro-
vide efficient indoor visible light positioning (VLP) [10].
Different VLP systems have been proposed. Hybrid
VLP/RF systems using ZigBee or RF wireless network
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were proposed [11], [12]. Besides, VLP using proximity
schemes were proposed [13]–[18]. In these schemes, optical-
beacon or identifier (ID) emitted by the lamps are used
for positioning. Proximity based VLP system using 6-axes
sensors (geomagnetic sensor and gravity acceleration sensor)
with root-mean-square (RMS) error distribution between
0.3 m to 0.5 m was reported [16]. Besides, proximity based
VLP schemes employing classify problem based machine
learning model [17] or geometric features of LED image
were proposed [18]. VLP using fingerprinting schemes were
proposed [19]–[23]. In these systems, the received signals
were compared with the existing data-bases for position-
ing. For examples, these VLP systems required fingerprints,
such as correlation sum ratios (CSR) [20], power spec-
tral densities [22], or extinction ratios (ER) [23]. Rela-
tively large data-bases were needed. VLP systems using
time-of-arrival (TOA) schemes and time-difference-of-arrival
(TDOA) schemes were demonstrated [24]–[26]; however,
these schemes required high precision Tx-receiver (Rx) syn-
chronization; and these may complicate the systems. VLP
using angle-of-arrival (AOA) schemes [27]–[29] were also
reported.

Among these VLP schemes, VLP systems based on
received-signal-strength (RSS) have also received much
attention [30]–[44]. In these RSS based VLP systems,
the received optical power depended on the distance between
Tx and Rx. By analyzing the received signal ampli-
tudes or powers from several LEDs, the location information
can be obtained. Several RSS-based VLP systems have been
summarized in Table 1. The RSS based VLP systems can
be implemented by using least square, orthogonal frequency
division multiple access (OFDMA), or code division multi-
ple access (CDMA) [30]–[34]. A 3D RSS based VLP sys-
tem based on trilateration combined with a nonlinear least
squares (NLLS) was reported numerically [35] and exper-
imentally [36]. The results show at least 4 light sources
arranged not on one circle are required to unambiguously
extract the 3D location. A particle-assisted stochastic search
(PASS) algorithmwas proposed to solve the non-convex opti-
mization problem due to the nonlinear RSS VLC model [37].

Recently many of these RSS based VLP systems employed
neural networks, such as two-layer fusion network (TLFN),
artificial neural network (ANN), Bayesian regularization
deep neural network (BR-DNN), etc [38]–[43] for position-
ing. Thanks to the high degree of freedom provided by
these neural networks, these VLP systems can usually have
better positioning accuracies. However, the back-propagation
algorithm and iteration method used to train the neural
networks may significantly increase the computational com-
plexity. Besides, the learning rate would be difficult to
adjust.

In this work proposed here, we propose and experimental
demonstrate using simpler regression based machine learning
algorithm. In the early VLP studies [44], the positioning error
can be reduced from 10 cm to 4 cm when applying machine
learning. Because of the noises from the LED transmitters

TABLE 1. Several recently proposed RSS based VLP systems.

and receiver, slightly different light emission patterns from
different LEDs, as well as the LED non-ideal Lambertian
light distribution, the RSS positioning based on theoretical
model may introduce relatively high positioning uncertainty.
Machine learning can provide an adaptive model by taking
into account the Tx and Rx noises, and different light emis-
sion patterns from LEDs; hence, the positioning accuracy can
be enhanced.

In this work, we propose and demonstrate a RSS based
VLP system using sigmoid function data preprocessing
(SFDP) method; and apply it to two types of regression based
machine learning algorithms. The contributions of this article
are summarized:
• First, we employ a second-order linear regression
machine learning (LRML) algorithm for the 3D
positioning system. When comparing the positioning
accuracy of the proposed LRML scheme with the tra-
ditional RSS scheme by analyzing the received power
differences among the Txs [31], it can be observed
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that machine learning can enhanced the positioning
accuracy by providing models to adapt to different
indoor conditions.

• Then, we propose and apply the pre-processing scheme,
known as SFDP to the LRML algorithm. It can miti-
gate the effect of outliers due to the power saturation
conditions.

• Besides, we also propose and demonstrate the kernel
ridge regression machine learning (KRRML) algorithm
for VLP system. The addition of the penalty term in
the error function can restrict the weights; hence a more
stable model can be obtained in the presence of noises.

• Finally, the proposed SFDF is employed together with
the KRRML algorithm. It can be observed that this
combined scheme can achieve the highest positioning
accuracy.

To sum up, there are 4 schemes in comparison: LRML,
SFDP + LRML, KRRML, SFDP + KRRML. Experimental
results indicate that the use of SFDPmethod can significantly
improve the positioning accuracies in both the LRML and
KRRML models. Besides, the SFDP with KRRML scheme
outperforms the other three schemes in terms of position
accuracy. The data preprocessing SFDP can provide the sig-
moid function with hyperparameter to adjust the sigmoid
function curve. It canmitigate the effect of outliers by limiting
the effect of high received powers at the edge, as well as
enhancing the effect of low received powers at the center of
the unit cell. In this proof-of-concept VLP demonstration,
the unit cell has the horizontal coverage of 1/2 × 50 cm ×
50 cm, and the vertical coverage of 135 cm. This is due to the
laboratory limitation.

This article is organized as follows. In Section II, we will
first discuss the RSS VLP mechanism and experiment.
Besides, wewill also discuss the proposed algorithms, includ-
ing the SFDP preprocessing method, LRML and KRRML.
In Section III, we will present the 3D experimental results and
discussion of different proposed algorithms. Finally, a con-
clusion will be provided in Section IV.

II. RSS VLP EXPERIMENT, MECHANISM
AND ALGORITHMS
A. EXPERIMENTAL SETUP
The proposed RSS based VLP experiment is shown
in Fig. 1(a). Here, three commercially available white-
light LEDs are used as Txs. Three unique optical IDs in
Manchester-coded format encoded onto three RF carrier fre-
quencies (f1, f2, f3) respectively are used to modulate the
white-light LEDs. The whole positioning area will be covered
by repeated unit cells. These RF carrier frequencies can be
repeated and re-used as shown in Fig. 1(b), while the IDs
of the entire positioning area are unique and non-repeating.
Because the ID is non-repeating in the whole area, if the Rx
is at the boundary of two unit cells, its position can also be
located no matter which unit cell is used. Fig. 1(c) shows the
photograph of the test-bed. The ground truth is provided by
a pegboard with x and y coordinate information. A camera

FIGURE 1. (a) Experimental setup of the RSS based VLP system.
(b) Proposed VLP scheme using different unit cells to cover the whole
indoor areas. AWG: arbitrary waveform generator; RTO: real-time
oscilloscope; PD: photo-detector. (c) Photograph of the test-bed.

tripod stands are used to support the pegboard with adjustable
z direction.

During positioning, as different LEDs have different IDs,
the location of the Rx at which unit cell can be found out at the
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FIGURE 2. Process of retrieving the RSS positioning information and the
optical IDs.

beginning. After the identification of the unit cell, the location
of the Rx inside that particular unit cell can be found by using
RSS. The LED used has a power consumption of 0.5W using
0.05 A driving current. Its emitting angle is 28◦. In the proof-
of-concept unit-cell experiment, the RF carrier frequencies
are 23 kHz, 53 kHz and 83 kHz respectively. Each RF car-
rier frequency carriers a Manchester-coded ID at data rate
of 6.25 kbit/s. The carrier frequencies used in RSS based
positioning should be selected higher than the low cut-off
frequency of the bias-tee (> 10 kHz) used, and lower than the
modulation speed of the LED (< 1MHz). Here, we also select
the prime numbers in the carrier frequencies so that their har-
monic frequencies will not overlap with other carrier frequen-
cies. These signals are generated by an arbitrary wavelength
generator (AWG, Tektronix R©AFG3252C). The Rx side is
a silicon-based photo-detector (PD, Thorlabs R©PDA100A2).
It consists of a silicon PIN photodiode with a transimpedance
amplifier (TIA). The PD is connected to a real-time oscillo-
scope (RTO, Tektronix R©MDO3024) for VLP data retrieval.
Ref. [41] defines the unit cell beyond the triangle area pro-
vided by the LED lamps. We believe that our proposed
schemes can also be applied to a bigger unit cell beyond the
triangle area, but may have a larger positioning error.

Fig. 2 shows themechanism of retrieving the RSS position-
ing information and the optical IDs. At the Rx, fast Fourier
transforms (FFTs) are performed on the received signals to
obtain the frequency spectra. After band-pass filtering (BPF),
the signal strength of each RF carrier frequency is recorded.
Then, each signal is frequency down-converted to obtain the
IDs. By decoding the IDs, the unit cell can be located.

B. SIGMOID FUNCTION DATA PREPROCESSING
(SFDP) METHOD
In the preprocessing for the LRML and KRRML, the z-score
normalization is first applied. The effect of outliers can be
mitigated through the z-score normalization.We calculate the
z-score of the signals from different LEDs in the training data
based on Eq. (1), where q is the strength of each LED,µ is the
mean value of all signal strengths from that LED in training
data, and σ is the standard deviation in the training data.

z(q) =
q− µ
σ

(1)

Usually at the edge or corner of a unit cell, since the Rx is
closer to the LED(s), higher signal strength can be detected.

On the contrary, the received signal strength is lower at the
center of the unit cell. In order to make the trained model
suppresses the relative high/low strength values, the data
preprocessing SFDP is proposed as shown in Eq. (2),

f (z) =
1

1+ exp(−bz)
(2)

where z is the z-score, and b is a hyperparameter which can
adjust the sigmoid function curve. Since the slope of sigmoid
function is large when the input is small, and the slope is close
to zero when the input is large, it can mitigate the effect of
outliers by limiting the effect of high received powers at the
edge, as well as enhancing the effect of low received powers
at the center of the unit cell. Hence, the positioning accuracy
can be enhanced.

C. LINEAR REGRESSION MACHINE
LEARNING (LRML) ALGORITHM
The second-order LRML algorithm is expressed in Eq. (3),
where Tp is the predictive coordinate matrix,W is the weight
matrix,8 is the designmatrix of RSS, andD is the dimension.
Because the proposed VLP system is based on the RSS from
three LEDs, the dimension D is equal to 3.

Tp = w(0)
+

D∑
i=1

w(i)qi +
D∑
i=1

D∑
j=1

w(ij)qiqj = 8WML (3)

The design matrix is expressed in Eq. (4),

8=[φ(q1), φ(q2), . . . , φ(qN )]T (4)

where N is the number of training data, and φq(i) in Eq. (4)
can be expressed as Eq. (5), where qn1, qn2 and qn3 represent
the received signal strengths of 23 kHz, 53 kHz and 83 kHz
signals in nth data respectively.

φ(qn) = [1, qn1, qn2 · · · , qn2qn3, q2n3]

qn = [qn1, qn2, qn3] (5)

Then, we apply the least squares error function to obtain
the weight vector WML. The error function is expressed as
Eq. (6), where tn is the target of nth training data.

E(W) =
N∑
n=1

[tn −WTφ(qn)]2 (6)

The locations of training data are in x-, y- and z- coordinates.
They are put on record during the training process, and they
can be represented by the target vector t as described in
Eq. (7).

T =

 x1, x2, . . . , xN
y1, y2, . . . , yN
z1, z2, . . . , zN

T

= [t1, t2, . . . , tN ]T (7)

The solution ofW in Eq. (6) can be obtained from Eq. (8).

WML=(8T8)−18TT (8)
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D. KERNEL RIDGE REGRESSION MACHINE LEARNING
(KRRML) ALGORITHM
The ridge regression is the least square error function of
LRML in Eq. (6) with L2 regularization term scheme [45].
It can be expressed as Eq. (9), where α is the hyperparameter,
which controls the relative importance of the regularization
term when compared with the sum-of-squares error term.
We first discuss the case where the target has only one
direction.

E(w) =
N∑
n=1

[tn − wTφ(qn)]2 +
α

2
wTw (9)

In order to obtain the optimal w, we set the gradient of E(w)
with respect to w equal to zero, and move w to the left-hand-
side of the equal sign. Eq. (10) can be obtained.

w = −
1
2α

N∑
n=1

[wTφ(qn)− tn]φ(qn)

=

N∑
n=1

anφ(qn) = 8Ta (10)

Here the vector a = (a1, a2, . . . , aN )T, and an is shown in
Eq. (11).

an = −
1
α
[wTφ(qn)− tn] (11)

We can observe that the solution for w is in the format of
a linear combination of the vectors φq(n). Instead of working
with the parameter vectorw, we can now reformulate the least
squares error function with L2 regularization term Eq. (9)
in terms of the parameter vector a, giving rise to a dual
representation. After substituting Eq. (10) into Eq. (9), we can
obtain the Eq. (12), which is the dual representation of Eq. (9).
In the Eq. (12), we define a matrixK = 88T, and the t is all
the coordinate in one direction of data.

E(a) =
1
2
aTKKa− aTKt+

1
2
tTt+

α

2
aTKa (12)

The elements in matrix K is expressed in Eq. (13), where
the kernel function is introduced. In the dual representation in
Eq. (12), the error function is based on linear combinations of
a kernel function judged at the training data, and makes the
solution to the least-squares problem that can be written in
terms of the kernel function.

Knm = φ(qn)Tφ(qm) = k(qn,qm) (13)

Thus, we can work directly in terms of kernel function
and avoid the explicit calculation of the feature vector φ(qn),
which allows us implicitly to use feature spaces of dimension-
ality. In this experiment, the Gaussian radial basis function
(GRBF) has been used. The form of GRBF is shown in
Eq. (14), in which the γ is a hyperparameter, which can adjust
the curve of GRBF.

k(qn,qm) = exp(−γ ‖qn − qm‖2) (14)

FIGURE 3. (a) Positions of training data (blue) and testing data (red)
observed from the top. (b) Positions of the training data plane (blue) and
testing data plane (red) observed from the side.

Because the feature vector corresponding to the GRBF has
infinite dimensionality, it can adjust relatively easily to fit
the strength distribution in the proposed 3D VLP system, and
through the regularization term, the model will not be over-
fitting. Substituting the result of Eq. (10) into w in Eq. 11),
we can obtain a in Eq. (15).

a = (K+ αI)−1t (15)

We can use the result of Eq. (10) and Eq. (15) to obtain
the predictive coordinate as shown in Eq. (16), where 8t is
the design matrix of testing data. The target vector can be
expanded into a three-direction matrix. The 8t8

T term in
Eq. 16) also be calculated in terms of the GRBF in Eq. (14).

Tp = 8t8
T(K+ αI)−1T (16)

Fig. 3(a) shows the positions of the training data (blue)
and testing data (red) observed from the top of the unit
cell. Fig. (b) shows the positions of the training data plane
consisting of the training data points (blue) and testing data
plane consisting of the testing data points (red) observed from
the side of the unit cell. As shown in Fig. 3(b), the training
data (blue) are selected at four different vertical distances
away from the LED plane: 80 cm, 100 cm, 120 cm, and
150 cm; while the testing data (red) are selected at four
different vertical distances away from the LED plane: 95 cm,
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TABLE 2. Relations between the methods and the used hyperparameters
obtained in experiments.

100cm, 115 cm, and 135 cm from the LED plane. As shown
in Fig. (a), we select 16 sampling positions as training data in
each layer; and we select 30 sampling positions as the testing
data in each layer. Each sampling position is measured by
20 times.

Besides, in order to verify the performance of trained
model at the training data plane, we also collect the training
data and testing data at the same plane at distance of 100 cm
(black) away from the LED as shown in Fig. 3(b). It is worth
to mention that apart from 3 corner locations at the 100 cm
plane, the training data and testing data are not at the same
place.

In our defined unit cell shown in Fig. 3, the (x, y, z)
coordinates of the LEDs are (0, 0, 0), (25, 43.3, 0) and (50,
0, 0), respectively. All the proposed machine learning algo-
rithms used here are trained using Python R©andMATLAB R©,
and their hyperparameters as shown in Table 2. Amid the
20 training data, 5 of them were randomly selected as the
validation data set, and the other 15 were used as the actual
training data set. We first use the training data set to train a
preliminary model, and then use the validation dataset to find
all the hyperparameters used. Only the training data was used
to optimize all the hyperparameters through cross-validation
and grid search methods [46]. During the training process,
the testing data is not used. The training set should be selected
uniformly inside the unit cell to achieve better positioning
accuracy. In the future work, we will perform experiment
with unit cell beyond the area of training data collection. We
believe that our proposed algorithms can also be applied to a
bigger unit cell beyond the triangle area, but may have larger
positioning errors.

III. RESULTS AND DISCUSSION
Fig. 4 shows one example of the measured FFT spectrum
measured at one sampling position (25, 16.24, 100). We can
observe clearly three signals at carrier frequencies of 23 kHz,
53 kHz and 83 kHz emitted from three white-light LEDs
inside a unit cell respectively. Besides, examples of the
received IDs down-converted from three RF carrier frequen-
cies are illustrated in Fig. 4(b)-(d).

As discussed in refs. [35], [36], 3D positioning may pro-
duce uncertain result when using 3 LEDs and when the
vertical height is < 150 cm. When the vertical height is >
150 cm, 4 LEDs are required. The proposed SFDF, LRML
andKRRMLalgorithms can alsoworkwell in 4 LEDs ormul-
tiple LEDs scenarios.

FIGURE 4. One example of (a) the measured FFT spectrum of the received
signal at the coordinate of (25, 16.24, 100). (b)-(d) The received IDs
down-converted from three RF carrier frequencies.
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Figs. 5(a) - (d) show the experimental error distributions
of the 3D VLP system using LRML algorithm at vertical
distances of 95 cm, 100 cm, 115 cm and 135 cm respectively,
away from the LED plane. The radii of the circles shown
in Figs. 5(a) - (d) are the experimental average errors in the
horizontal direction. The color of the circle is the experimen-
tal average error in the vertical direction. It can be clearly
observed in Figs. 5(a) - (d) that the average positioning error
is relatively large and uneven. High positioning errors are
observed at the 135 cm plane away from the LED plane as
shown in Fig. 5(d). This is due to the very low signal-to-noise
ratio (SNR) received by the PD. The measured illuminance
is < 49 lux. Besides, the error distribution is very uneven,
particularly in the vertical direction. As shown in Fig. 5(d),
we can observe that some positioning errors are > 10 cm
(red circle), while some positioning errors are < 2 cm (blue
circle).

Then, we introduce the proposed SFDP method to
apply the preprocessing step to the LRML algorithm.
Figs. 6(a) - (d) show the experimental error distribution of
the 3D VLP system using SFDP with LRML algorithm at
vertical distances of 95 cm, 100 cm, 115 cm and 135 cm
respectively, away from the LED plane. We can observe the
improvement in positioning accuracy after the implementa-
tion of the SFDP. The average horizontal position error is
reduced by 1.04 cm (i.e. improvement of 27.8 %) when the
SFDP is applied; and the average vertical position error is
reduced by 0.80 cm (i.e. improvement of 22.0 %) when the
SFDP is applied. By comparing, for example, the 95 cm and
100 cm planes of Fig. 5 and Fig. 6, it can be observed that the
positioning errors, particularly at the edges of unit cell are
reduced after the implementation of the proposed SFDP. The
data preprocessing SFDP can provide the sigmoid function
with hyperparameter to adjust the sigmoid function curve.
Since the slope of sigmoid function is large when the input
is small, and the slope is close to zero when the input is large,
it can mitigate the effect of outliers by limiting the effect of
high received powers at the edge, as well as enhancing the
effect of low received powers at the center of the unit cell.
Hence, the positioning accuracy can be enhanced.

In order to investigate experimentally whether the error is
reduced by the sigmoid function, we calculate the coefficient
of variation (CV) of the range of the received signal strength
change of each LED at each training location, as shown
in Table 3. The CV is a standardized measure of dispersion
of a distribution, and it is defined as the ratio of the standard
deviation to the mean value. As shown in Table 3, after non-
linear conversion through the SFDP, the CVs of the received
signal strength are decreased by 16.0%, 20.7%, and 23.2% at
the carrier frequencies of 23 kHz, 53 kHz, and 83k Hz LEDs
respectively. As aforementioned, SFDP can make the trained
model insensitive to changes of signal strength at the edge
and the center of unit cell.

Then we apply the KRRML algorithm to further improve
the positioning accuracy. Figs. 7(a) - (d) show the experimen-
tal error distribution of the 3D VLP system using KRRML

FIGURE 5. Experimental error distribution diagram of the 3D VLP system
using LRML at vertical distances of (a) 95 cm, (b) 100 cm, (c) 115 cm and
(d) 135 cm away from LED plane.

algorithm at vertical distances of 95 cm, 100 cm, 115 cm
and 135 cm respectively, away from the LED plane. By com-
paring Fig. 5 and Fig. 7, it can be observed that employing

VOLUME 8, 2020 214275



Y.-C. Wu et al.: RSS Based 3-D VLP System Using KRRML Algorithm With SFDP Method

FIGURE 6. Experimental error distribution diagram of the 3D VLP system
using LRML and SFDP at vertical distances of (a) 95 cm, (b) 100 cm,
(c) 115 cm and (d) 135 cm away from LED plane.

the KRRML can significantly reduce the positioning error.
Besides, the error distribution becomes more uniform. There
are still some non-circularly symmetric error-distributions,

FIGURE 7. Experimental error distribution diagram of the 3D VLP system
using KRRML at vertical distances of (a) 95cm, (b) 100 cm, (c) 115 cm and
(d) 135 cm away from LED plane.

and these could be due to the hardware issues, such as
the slightly different light emission patterns from differ-
ent LEDs, as well as the LED non-ideal Lambertian light
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TABLE 3. The coefficient of variation (CV) of the RSS change range of
each LED received at each training location.

distribution. By comparing the experimental results of using
the LRML algorithm and KRRML algorithm, the average
horizontal position error is reduced by 1.74 cm (improve-
ment of 46.5 %); and the average vertical position error is
reduced by 1.41 cm (improvement of 38.7 %). As afore-
mentioned, the feature vector corresponding to the GRBF
has infinite dimensionality, it can be adjusted relatively eas-
ily to fit the strength distribution in the proposed 3D VLP
system.

Afterwards, we evaluate the performance of the SFDPwith
KRRML algorithm. Figs. 8(a) - (d) show the experimental
error distribution of the 3D VLP system using KRRML and
SFDP algorithm at vertical distances of 95 cm, 100 cm,
115 cm and 135 cm respectively, away from the LED plane.
Although the improvement is not significant, we still can
achieve reduction in the positioning errors. The average hori-
zontal position error is reduced by 0.04 cm (i.e. improvement
of 2.0 %) when the SFDP is applied; and the average vertical
position error is reduced by 0.07 cm (i.e. improvement of
3.1 %) when the SFDP is applied. Although the position
errors of the KRRML algorithm is quite low, the introduction
of the proposed SFDP can still reduced by the positioning
errors from 2.0 to 3.1 %.

Table 4 summaries the average horizontal and vertical posi-
tioning errors when applying the LRML, LRML with SFDP,
KRRML, and KRRMLwith SFDP.We can observe that when
using the LRML with SFDP, the average positioning error in
both directions is within 4 cm. When using the KRRML with
SFDP, the average positioning error in both directions is about
2 cm. Due to the hardware issues discussed above, the error
distribution in the horizontal plane may not directly related
to the error distribution in the vertical plane. Both horizon-
tal and vertical positioning errors include both drifting and
noises.

In this proof-of-concept VLP demonstration, the unit cell
has the horizontal coverage of 1/2 × 50 cm × 50 cm,
and the vertical coverage of 135 cm. This is due to the
laboratory limitation. In the future work, we will perform
experiment with unit cell beyond the area of training data
collection. We believe that our proposed algorithms can also
be applied to a bigger unit cell beyond the triangle area, but
may have larger positioning errors. It is also worth to note
that during application of SFDP, the Rx cannot be placed too
close or too far to either LED. Otherwise, they may be con-
sidered as outliers. This could constrain the coverage of the
system.

FIGURE 8. Experimental error distribution diagram of the 3D VLP system
using KRRML and SFDP at vertical distances of (a) 95cm, (b) 100 cm,
(c) 115 cm and (d) 135 cm away from LED plane.

Figs. 9(a) - (d) show the experimental cumulative distri-
bution function (CDF) of the horizontal positioning errors
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TABLE 4. The average positioning error of using different machine
learning algorithm.

after applying different machine learning models at vertical
distances of 95 cm, 100 cm, 115 cm and 135 cm respectively,
away from the LED plane. The experimental CDF curve is
obtained by first fixing the integer positioning error in the
x-axis (i.e., 1, 2, 3, . . . cm); then the cumulative number
of data occurrence with errors the fixed integer positioning
error is plotted on the y-axis. We can observe the CDF
performances of the four schemes; showing that the LRML
with SFDP is better than the LRML; and the KRRML with
SFDP is better than the KRRML. At the vertical position of
95 cm away from the LED plane as shown in Fig. 9(a), 100 %
of the experimental data have positioning error within 3 cm
when using the KRRML with SFDP; while 100 % of the data
have positioning error within 4 cm when using the KRRML
only. Besides, 100% of the data have positioning error within
9 cm when using the simplest LRML model only. When the
vertical position of 135 cm away from the LED plane as
shown in Fig. 9(d), 100 % of the experimental data have
positioning error within 5 cm when using the KRRML with
SFDP; while 100 % of the data have positioning error within
11 cm when using the simplest LRML model only. Besides,
the CDFs of both KRRML with SFDP and the KRRML only
have nearly the same performances.

Figs. 10(a) - (d) show the experimental CDF of the vertical
position error at vertical directions at 95 cm, 100 cm, 115 cm
and 135 cm away from LEDs. Similarly, we can clearly
observe that the CDF performances of the four schemes;
showing that the LRML with SFDP is better than the LRML;
and the KRRML with SFDP is better than the KRRML.
At the vertical position of 95 cm away from the LED plane
as shown in Fig. 10(a), 100 % of the experimental data have
positioning error within 6 cm when using the KRRML with
SFDP; while 100 % of the data have positioning error within
7 cmwhen using theKRRMLonly. Besides, 100%of the data
have positioning error within 8 cm when using the simplest
LRML model only. When the vertical position of 135 cm
away from the LED plane as shown in Fig. 9(d), 100 %
of the experimental data have positioning error within 5 cm
when using the KRRML with SFDP; while 100 % of the data
have positioning error within 12 cm when using the simplest
LRML model only. Similarly to the case of horizontal CDF,
the CDFs of both KRRML with SFDP and the KRRML only
have nearly the same performances.

FIGURE 9. The experimental CDF against positioning error in horizontal
direction at vertical distances of (a) 95 cm, (b) 100 cm, (c) 115cm and
(d) 135 cm away from LEDs.

As discussed in the introduction, VLP can provide many
interesting applications, such as providing indoor location
and navigation information similar to GPS. Besides, VLP can
also be applied for asset tracking in schools, supermarkets,
and hospitals.
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FIGURE 10. The experimental CDF of the vertical position error at vertical
direction at (a) 95 cm, (b) 100 cm, (c) 115cm and (d) 135 cm away from
LEDs.

IV. CONCLUSION
In this work, we proposed and demonstrated an RSS based
VLP system using SFDP method; and applied it to two types
of regression based machine learning algorithms; including
the second-order LRML algorithm, and the KRRML algo-
rithm. Experimental results indicated that the use of SFDP

method can significantly improve the positioning accura-
cies in both the LRML and KRRML algorithms. Besides,
the SFDPwith KRRML scheme outperformed the other three
schemes in terms of position accuracy. The actual unit cell
in this proof-of-concept demonstration had the horizontal
coverage of 1/2 (50 cm x 50 cm), and the vertical coverage
of 95 cm to 135 cm (i.e. 40 cm). The average horizontal
and vertical positioning errors of the KRRML with SFDP
algorithms were 1.96 cm and 2.16 cm respectively.

By comparing the LRML model without and with the
preprocessing step SFDP, the average horizontal position-
ing accuracy was improved by 27.8 %; and the average
vertical positioning accuracy was improved by 22.0 %.
Besides, we also proposed and demonstrated the KRRML
model. By comparing the LRML model and KRRML model,
the average horizontal positioning accuracy was improved
by 46.5 %; and the average vertical positioning accuracy
was improved by 38.7 %. Although the positioning errors
of the KRRML model is quite low, the introduction of the
proposed SFDP can still reduced by the positioning errors
from 2.0 to 3.1 %.
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