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ABSTRACT Article information:
Performance of visible light communication (VLC) depends highly on chan-
nel conditions, which are sensitive to changes in user position. This pa-
per presents estimation schemes of VLC parameters using a Kalman �lter
(KF), based on angular parameters of user position. The angular dynamic
model is established so that the estimation process is directly in accordance
with the Lambertian model of VLC channel. The use of angular model also
gave way to use two parameters to describe a three-dimensional position.
Estimations based on angular position are formulated, that is the KF es-
timation of position parameters, and the extended Kalman �lter (EKF)
where channel gain is estimated and also serves as a state parameter. The
performance is observed in simulation and compared to reference models
of Cartesian based estimation. The proposed angular model EKF with the
channel gain as the state parameter showed comparably higher error than
the Cartesian model EKF of 3:2 in comparison but required remarkably
less processing time of 1:5 to the referred model.
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1. INTRODUCTION

In recent years, visible light communication (VLC)
has gained much attention for development. Vari-
ous aspects of VLC have been scrutinized to propose
schemes for the concerned qualities. As a rule, trans-
mission channel condition i.e. the channel gain is
a concern for performance on wireless systems. On
VLC, channel condition is a function of distance, the
components, and characteristically as an optical sys-
tem, the angles. In e�ect, on VLC channel gains are
the LED angle of coverage, the equipment position
towards LED, and detector or sensor receiving an-
gle, and in indirect e�ect is the sensor �eld of View
(FOV). With the above in mind, this paper investi-
gates VLC channel estimation, based on angular lo-
cation.

Estimation of channel condition on VLC has been
investigated in previous work. In [1], it is performed
using a neural network. Compressive sensing is ap-
plied for channel estimation in [2] to support VLC
orthogonal transmission. Since the channel is heav-
ily based on position, in [3] user position is deter-
mined and predicted based on triangulation of avail-
able transmitters.

The view of VLC and its dependence on location
made way for the developments of visible light posi-
tioning (VLP), which o�ers high accuracy for indoor
positioning in comparepison to conventional methods
[4]. Currently VLP is classi�ed in two types, the pho-
todetector (PD) based, and image sensor (IS) based.
The PD based VLP uses the Lambertian VLC chan-
nel on its system model, such as in [5] where position
prediction with Kalman �lter is used for adaptive po-
sitioning. This is also the case in [6] which investi-
gated the LED power allocation e�ect on VLP. The IS
based, on the other hand, derives the position from
projection analysis of image processing. In various
references this is applied in synch with odometry [4],
[7], [8]. In [4], [8] position is determined using rolling
camera shutter and odometry. In [7] the combination
is enhanced with LiDAR to achieve a multi-sensor
localizer. Without the use of any angle sensor, [9]
proposed positioning based on geometric features in
image of circular LED projection. While camera im-
ages are quite a customary feature in many indoor
robots or other equipment, image processing has the
basic disadvantage of heavy processing. In this work
the proposed positioning is PD based, making use of
the Lambertian model.
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Kalman filters (KF) are widely used in broad rang-
ing types of tracking and navigation. Also known to
be used on channel estimation, KF has made its way
into VLC systems. In [10] KF was used for a hy-
brid system of VLC and Wi-Fi. User position was
modelled with x and y coordinates of indoor area
partitioned in grid. The estimators were extended
Kalman filter (EKF) and KF with unscented trans-
formation. Also working on multi transmitter mod-
els of a VLC system is [5] where the Kalman filter
is made adaptive for handover between the access
points (AP). In [11], an EKF is applied to the dy-
namic model based on horizontal coordinates of x, y.
While KF has appeared often, all of the works [5],
[10], [11] above are using dynamic models with x, y,
z Cartesian coordinates. On the work of [12] an un-
scented Kalman filter (UKF) is applied for dynamic
position based on inertial measurement unit (IMU)
data. IMU data is also used in [13] on EKF for IS
based user positioning. The channel is then derived
from estimated position. Another IS based VLP is
[14] where high performance positioning is proposed
by using the Camshift-Kalman algorithm. The use of
images requires rigorous processing but allowes more
possibilities for more precise results.

Kalman filters with angular position models are
often found in the field of electric machines, but are
also used for finding the vehicular or sensor position.
The model used in [15] is based on angular position
and the speed of the motor to represent location in a
two dimensional field. On the other hand, the work in
[16] presented a model of vehicle position in relation
to GPS. Therefor in some aspects it is adaptable to
our scenario of VLC use.

In the works of [10], [11], [13] where EKF is applied
to VLC, the channel as a nonlinear estimated pa-
rameter appeared solely as the system output. Since
EKF is based on higher order Taylor series of both
state and output functions, it is less effective when
the nonlinearity appears only in the output parts of
the model.

From above references, it can be observed that
the existing models for VLC channel estimation are
based on Cartesian coordinates. Another observation
is that in an EKF model, the estimated parameter
channel gain is each time regarded only as an output
parameter. Motivated by these issues, the contribu-
tions of this paper are the following:

• First, we present VLC channel estimation based
on angular position in accordance with Lambertian
model of a VLC channel.

• Two types of KF estimation are explored to deter-
mine the channel condition, the linear KF and the
EKF.

• Then for EKF estimation, two models are investi-
gated. On one the channel gain was regarded only
as estimated output, and on the other enhanced
one the channel gain was modelled also as a dy-

namic system state.

The angular based model gives the benefit of fewer
parameters, since an angle essentially covers two axes,
and it is a two-dimensional variable. To the best of
our knowledge, this has not been performed in any
other published work.

To achieve the aims, first we gave the basic layout
of a VLC channel and the role of location in it in the
second part of the article. Then a dynamic model is
formed for user’s position and its changes using an
angular parameter. On the third part the models for
Kalman filter estimation are then developed based on
this dynamic model. On the fourth part a demonstra-
tion is done in simulation to observe the performance
and a comparison is made. As a comparison, a KF
from the existing references is used in which estima-
tion is calculated based on Cartesian coordinates.

2. SYSTEM MODEL

2.1 VLC Channel

VLC channels are described in Lambertian model
which can be found among others in [17], [18]. The
channel gain is defined in (1).

h =
m+ 1

22
cosm θ.c(ψ). cos(ψ) (1)

with d and θ as the diagonal distance and the angle
position of user equipment (UE) to the LED, respec-
tively, c is UE gains, ψ is reception angle of UE, and

m = − ln(2)
ln(cos(ψ 1

2
)) being the Lambertian order as a

function of LED coverage ψ. Figure 1 illustrate this
lay out for varying positions of a user.

Fig.1: User position with variety of θ

The specification of LED is something predeter-
mined in a long run, thus the Lambertian order m
is pre-set. In this paper, the value of c on specific
user equipment is also assumed static over the period
of a transmission session. The reception angle ψ is
something that could be developed to be adaptable,
but on this occasion will be assumed as fixed for a
transmission session. Probable causes of a channel
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dynamic chage is then the change in position of user
equipment, presented in θ and d.

2.2 Dynamic of User Position

A dynamic model of user location must be estab-
lished. The variables of interest, as observed above,
are θ and d, along with their changes. So, the two
parameters at any time k can be stated as

θ(k + 1) = θ(k) + uθ(k) + wθ(k) (2)

d(k + 1) = d(k) + ud(k) + wd(k) (3)

where uθ(k), ud(k) are the inputs that move the re-
ceiver equipment, and wθ(k), wd(k) are the process
error for θ and d.

3. KALMAN FILTER FOR CHANNEL ES-
TIMATION

3.1 Linear Kalman Filter for Position Estima-
tion

From the available models above, the first obvious
solution is to perform estimation of position parame-
ters θ(k) and d(k) during the transmission.

The dynamic model of (2) and (3) is written as a
state equation vector

x(k + 1) = Ax(k) +Bu(k) + w(k) (4)

where x(k) is the state vector at a sequence point of
k,A and B is the state and input matrix, where

x(k) =

[
θ(k)
d(k)

]
, A =

[
1 0
0 1

]
, B =

[
1 0
0 1

]
,

u(k) =

[
uθ(k)
ud(k)

]
, w(k) =

[
wθ(k)
wd(k)

]
.

The estimated output is

y(k) = Cx(k) + v(k) (5)

with y(k) as the output vector at the sequence point
of k,C is the output matrix, and v(k) is the measure-
ment error, where

y(k) =

[
θ(k)
d(k)

]
, C =

[
1 0
0 1

]
, v(k) =

[
vθ(k)
vd(k)

]
.

The estimation by KF is done according to Algo-
rithm 1, as can be found in numerous references of KF
as in [19], [20]. The estimated θ and d are then used
to calculate the channel gain according to (1). This
estimator is straightforward and linear, and later in
simulation showed quite good results. The problem
is that this estimator needs measurements of updated

θ and d. In previous work, estimation of user posi-
tion is often done as in [13], where the VLC channel
is obtained as derived parameter of the localization
by KF, although EKF was used in that work due to
nonlinearity within the incorporated IMU data.

Algorithm 1 Kalman filter
Initialization: A,B,C,Q(k) = E[w(k)w(k)′],
R(k) = E[v(k)v(k)T ], P init, x init
Input: u
Iterative step:
Measurement update:

G(k) = P (k|k − 1)C ′[CP (k|k − 1)C ′ +R]−1

x(k|k) = x(k|k − 1) +G(k)[y(k)–Cx(k|k − 1)]
P (k|k) = [I −K(k)C]P (k|k − 1)

Time update:
x(k + 1|k) = Ax(k|k) +Bu(k)
P (k + 1|k) = AP (k|k)A′ +B ∗Q ∗B′

Output:
y est = Cx(k|k)

With G as the Kalman gain.

3.2 Nonlinear Estimation of Channel Gain

Instead of performing estimation on position pa-
rameters of θ and d, the KF can be used directly as
an estimator of the channel gain h. As the channel
model of (1) is nonlinear, incorporating the channel
gain h requires a nonlinear estimator.

A. EKF 1 with h as estimation output
As the system model is a non-linear one, an extended
Kalman filter is used for estimation. For the system
to be dynamic, the state equation f(x, u) we use is
the same state equation as the basic ones shown in
(2)-(3). The measured parameter is the channel gain,
as a function of θ and d as stated in (1). The output
equation is then a non-linear expression of

y(k) = h(x(k)) + v(k), (6)

h(x(k)) =
m+ 1

2π.d(k)2
cosm(θ(k)).g (7)

with g = c(ψ). cos(ψ).

This model is similar to the basic model used in
the EKF of [10], [11], [13], in which the VLC channel
is the estimated and measured value, while the dy-
namic model is basically user position. The EKF is
applied as shown in Algorithm 2, which can be found
in references [19].

The nonlinear model is reflected on the Jacobian
matrix

Jh =
∂h

∂x
, Jf =

∂f

∂x
.

The Jacobian of state and output functions then
are
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Algorithm 2 Extended Kalman filter
Initialization: f(x, u), h(x, u), Q(k) = E[w(k)w(k)′],
R(k) = E[v(k)v(k)T ], P init, x init
Input: u
Output: y est
Iterative step:
Measurement update:

G(k) = P (k|k − 1)Jh′[CP (k|k − 1)Jh′ +R]−1

x(k|k) = x(k|k − 1) +G(k)[y(k)–h(k|k − 1)]
P (k|k) = [I −K(k)Jh]P (k|k − 1)

Time update:
q(k + 1|k) = f(k|k)
P (k + 1|k) = JfP (k|k)Jf ′ +B ∗Q ∗B′

Output:
y est = h(k|k)

∂f

∂x
=

[
1 0
0 1

]
, (8)

∂h

∂x
=
[
δ1 δ2

]
(9)

δ1 =
m(m+ 1)g cosm−1(θ(k)) sin(θ(k))

2πd(k)2

δ2 =
−2(m+ 1)g cosm(θ(k))

2πd(k)3

B. EKF 2 with h as estimation output and state
In this model, the channel gain is incorporated fur-

ther, not merely as the system output, but also as one
of the states in system model, so that

q(k+1) =

 θ(k + 1)
d(k + 1)
h(k + 1)

 = f(q(k), u(k))+w(k) (10)

f1(q(k), u(k)) = θ(k) + uθ(k) (11)

f2(q(k), u(k)) = d(k) + ud(k) (12)

f3(q(k), u(k)) =
m+ 1

2π.d(k)2
cosm(θ(k)).g (13)

with

u(k) =

 uθ(k)
ud(k)

0

, w(k) =

[
wθ(k)
wd(k)

]
.

The output equation is the non-linear expression of
(6)-(7). The Jacobian of state and output functions
for this model are

∂f

∂x
=

 1 0 0
0 1 0
δ1 δ2 1

, (14)

∂h

∂x
=
[
δ1 δ2 1

]
. (15)

The EKF is done according to Algorithm 2 as well,
with the differences of the matrices involved within
the dynamic model. In contrast to EKF1 is the state
equation f(x, u) on EKF2 is defined by (11)-(13).

4. SIMULATION RESULTS

Simulation was done to observe the performance
of the three schemes of estimations presented in the
previous part. The first used linear KF, estimating
the parameters θ and d, and from the result calcu-
lated the channel gain h. The second used an EKF
with channel gain h as the measured and estimated
parameter, with θ and d as state variables for the
dynamic model. The third was also based on EKF
channel gain h as the measured and estimated pa-
rameter, where h is one of the state variables along
with θ and d.

The VLC system modelled is an indoor access
point as illustrated in Figure 1. The LED transmit-
ter is on the ceiling and is the origin of distance d
and angle θ. The PD receivers are assumed to have a
certain height from the floor and a considerable ver-
tical distance from the ceiling. Thus, the distance d
throughout the time would never be zero. Table 1
shows the parameter set used in the simulation.

Table 1: Parameter Settings for Simulation.

Variables Value
Q Process error 0.001
R Measurement error 0.01
θ0 Initial angle 30◦

d0 Initial distance 2 m
ψ 1

2
Half angle of LED coverage 85◦

g Total component power 8

Figure 2 shows the performance of KF in estimat-
ing θ and d. The bottom graph shows the channel
gain h calculated for each resulting θ and d. The
right column of Fig 2 shows the error performance.
However, channel gain here is calculated outside the
estimation process as a byproduct of the position. As
h is a derived variable, and not measured, on the right
bottom plot there is only one plotting line, showing
the error of he derived from the estimated θe and de.
As the KF shows good performance in estimating θ
and d, the resulting h from calculation also shows a
low rate or error.

Figure 3 shows the performance of EKF θ-d in es-
timating the channel gain h according to the model in
3.2.A. The right column plots shows their error per-
formance. In this model, the concern focuses on the
channel gain. The position parameters θ and d are
used only for the dynamic movement. The estimated
and measured parameter is h, and it is shown on the
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Fig.2: Performance of estimation scheme 1 KF θ-d, with h posteriori.

Fig.3: Performance of estimation scheme 2 EKF θ-d with h as output.

top graph of Figure 3.

The EKF θ − d here shows inadequate error per-
formance on estimation of h on the first model with
θ and d as state parameters. The estimation error,
which is shown in red line of upper right graph, is
higher than the measurement error (green line). As
revealed in 3.2.A, the system dynamic is modelled on
θ and d, while the measurement is done on h, which
is a function v. The nonlinearity is due to the pa-
rameter h, thus the Jacobian matrix is clearly seen
only in ∂h

∂x while the ∂f
∂x is a linear matrix. The mea-

sured parameter is used for the update process of the
Kalman cycle, so in this case the measured h is used
to update the state of θ and d. From the simulation
results, it is clear that this update process cannot be
performed well. The difficulty is especially profound
on the variable of angle, and the EKF process seems
to have difficulty adjusting θ for the updated h, since
the Jacobian matrix is significant only on the out-
put equation. As the h is a function of θ and d, the
estimated he here also reflects the above difficulties,
resulting in high error of estimation values, far be-
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Fig.4: Performance of scheme 3 EKF θ-d-h with h as states and as output..

Fig.5: Performance of estimation scheme 4 KF x-y-z with h posteriori.

yond the error of measurement, as seen in top right
graph of Figure 3. It can be said that EKF θ − d on
this scheme 2 has failed the expectation, since the er-
rors on the estimation process are far higher than the
measurement error. The main problem of this model
is that the measurement parameter h turned up only
as an output parameter of the estimation and h is
not used well in the updating process. To overcome
the problem in the first EKF scheme, we propose the
second model of EKF θ − d − h as revealed in part
3.2.B as scheme 3. The simulation results are given
in Figure 4.

Figure 4 shows the performance of estimation
scheme 3 EKF θ − d − h in estimating h, this time
with h, θ, and d as state variables as in model of 3.2.B.

The right column of Figure 4 shows the correspond-
ing error performance. As the channel gain h here
is incorporated in both state and output equations,
the Jacobian matrix shows the nonlinearity both in
the state and output equations. This proves to be
a better model for angular based EKF, as shown on
the top left graph of Figure 4. The update process
on variables θ and d for this scheme show problem
converging. Nevertheless, the main parameter of es-
timation is the channel gain, and for this the scheme
3 EKF θ − d− h has given good performance.

On the top right of Figure 4 the estimation error of
channel gain h is small, and substantially lower than
its measurement error. Thus, this estimation scheme
has fulfilled the expected process objection.
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Fig.6: Performance of scheme 5 EKF x-y-z with h as output.

For comparison, we draw out the Kalman Filter
models from the references, that is with Cartesian
coordinates as estimation parameters. Figure 5 shows
the x−y−z position estimation using KF x−y−z as
in scheme 4. Figure 6 shows scheme 5 of estimation
on channel gain h using EKF x− y− z, based on the
model proposed in [10], [11].

The linear KF x − y − z of scheme 4 in Figure 5
shows very good performance estimating the position
in Cartesian coordinates. The channel gain here is
calculated outside the estimation process as a byprod-
uct of the position, as was also the case in KF θ − d
of scheme 1 in Figure 2.

The performance of EKF in Figure 6 based on ref-
erences is not quite satisfactory. The problem is as
was revealed in the previous scheme 2 of EKF θ−d in
Figure 3, which is that the measurement parameter
h turned up only as an output parameter of the esti-
mation and is not well used in the updating process.

5. RESULTS DISCUSSION AND ANALY-
SIS

To allow the performance comparison of the five
estimation schemes, Table 2 shows the standard de-
viation error, process time, and vector size, which
indicate the resource usage. The standard deviation
error in the table is of the estimation process. That is
σ(h−he) without the comparison to the measurement
error. Processing time is the average time needed for
each estimation cycle, counted only for the estimation
process. The vector size is shown for each state and
output process of the KF and in the end the number

of parameters is summed up to simplify the compar-
ison. For easier comparison, the numbers are also
shown asa barchart in Figure 7.

The proposed model is estimation using an angu-
lar parameter of the Lambertian VLC channel. In
this case, the incident angle θ. In the table, these are
scheme numbers 1,2, and 3, corresponding to Figures
2, 3, and 4. The estimation schemes numbered 4-5
which correspond to Figures 5 and 6 are the com-
parison. Scheme number 5 was obtained from the
references [10], [11]. The data of all five schemes was
obtained with the same parameters as shown in table
1.

It is seen that scheme 2, requiring the least number
of parameters, resulted in high error values. From the
point of view of error rate, from the three proposed
schemes of estimation using parameters θ and d, the
recommended ones are the first model of linear KF
for position estimation, and the third and proposed
model of EKF, which includes channel gain h as an
estimated parameter as well as a state variable. In
comparison to the Cartesian based model of schemes
4 and 5, the proposed estimations shows lower per-
formance error rates.

In view of processing time, the proposed EKF has
performed very well with average time for each cy-
cle significantly lower than that of the others. This
can be achieved because the intended value h is an
inherent within the Kalman cycle so that no post-
processing is required as in linear KF of schemes 1
and 4. Scheme number 5, although it is also an EKF
with h as an estimated parameter, required longer
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Table 2: Comparison of Estimation performance.

Estimation
Average Standard Estimation Vector size

scheme
cycle time deviation KF State KF Output Non KF Number of

(µs) error parameter parameter parameter parameters
1 KF θ − d 27.71 0.0219 2 2 1 5
2 EKF θ − d 5.91 0.1150 2 1 3
3 EKF θ − d− h 4.92 0.0328 3 1 4
4 KF x− y − z 30.71 0.0121 3 3 1 7
5 EKF x− y − z∗ 23.68 0.0204 4 1 5

*[10,11]

time process. This might be due to the higher com-
plexity of the Jacobian matrix ∂h

∂x . As the available

parameters are x, y, and z, the matrix ∂h
∂x , must then

be derived on these parameters accordingly.
While the error rate of schemes 3 and 5 are not

very different, that is about 3:2; their time compar-
ison is quite substantial. For scheme 3 the average
time for each cycle about 1:5, or twenty percent of
that of scheme 5, thus reducing 80% of the required
processing time. From this we can deduce that the
use of angular parameters in channel estimation can
reduce the processing time considerably.

Fig.7: Comparison of estimation performance.

The linear KF is a straightforward linear estima-
tion of movement with good performance, well suited
for robotic devices in which the movements can be
well determined. For receiving equipment with more
obscure movement such as handheld devices, channel
condition is more likely to be the available parame-
ter of measurement, thus the EKF is more suitable.
In this case, the EKF to be used is that of the third
estimation scheme, where channel gain h is an esti-
mated parameter and a state variable for the dynamic
model.

6. CONCLUSION

The channel condition in VLC is sensitive to rela-
tive position between the photodetector receiver and
the LED transmitter where small movement on user
equipment could result in alteration of the channel
gain. This paper has presented Kalman filter estima-

tion for VLC channel gain based on angular parame-
ters according to the Lambertian model. The angular
model proposed is based on two variables for three-
dimensional movements. It is also developed in con-
cern of the channel model. The two state variables are
directly determining factors in changes of the channel
condition. Three schemes of KF were explored. First
was the KF estimation of position parameters. Next
was the EKF of channel gain with position parame-
ters as state parameters. The third was the EKF of
channel gain which includes the channel gain as the
state parameter. The proposed EKF with angular
parameter of Lambertian VLC succeeded in reducing
the processing time by 80% from the previous model
with Cartesian coordinates. Linear KF is a straight-
forward linear estimation of movement and showed
good performance with a standard deviation of es-
timation error of 0.0219. For system with channel
gain as a measured variable, the proposed EKF was
the third model, which included the channel gain as
the state parameter. This EKF 2 managed to give a
considerably lower rate of error than the other mea-
sured ones that is with standard deviation of estima-
tion error of 0.0328. Further investigation based on
this angular parameter of the Lambertian VLC model
could be carried out on other nonlinear estimations
like unscented KF and a particle filter, for suitability
in different conditions.
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