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ABSTRACT Efficient signal detection technique is developed for generalized spatial modulation (GSM)
modulated indoor visible light communication (VLC) system, which is aided by a popular machine learning
approach termed as support vector machine (SVM). For general VLC system, maximum likelihood (ML)
detector has a high computational complexity, although it is the optimal detection algorithm. In order to
alleviate this high computational complexity problem, we take the signal detection task in GSM-VLC
system as a multiple classification problem, and propose an efficient signal detection scheme for the
considered GSM-VLC system aided by SVM,which has lower computational complexity and nearly optimal
detection accuracy. Simulation results demonstrate the efficiency of the proposed SVMaided signal detection
technique in the considered indoor GSM-VLC system.

INDEX TERMS Support vector machine (SVM), signal detection, visible light communication (VLC),
generalized spatial modulation (GSM).

I. INTRODUCTION
In modern communication systems, radio frequency (RF)
is the most widely used frequency band. However, due to
the explosive growth of the Internet of Things and portable
information terminals and the lack of spectrum resources,
it is urgent to explore new spectrum to fundamentally solve
the contradiction between the demand of super-capacity
communication and the spectrum shortage. As an emerging
technique of optical wireless communication (OWC), the
visible light communication (VLC) system uses light emit-
ting diodes (LEDs) as signal transmitter, which is capable
of effectively solving the mentioned problems. It has been
recognized as an effective supplement to RF communication
by combining lighting and communication [1], [2]. In addi-
tion, VLC technology can also be applied to electromagnetic
interference application scenarios where RF is not allowed or
induces dangerous, such as hospitals, airplanes, mines, and
many other areas [3], [4].

The associate editor coordinating the review of this manuscript and

approving it for publication was Wei Feng .

At the physical layer transmission level, in view of the
fact that multiple-input multiple-output (MIMO) transmis-
sion can deeply exploit wireless spatial resources, thereby
significantly improving the system’s spectrum efficiency,
it has become one of research hotspots both in academia
and industry. Generalized spatial modulation (GSM), as a
new modulation technology in MIMO transmission technol-
ogy [5], can effectively reduce the cost and complexity of the
MIMO-VLC system in the actual application scenarios of the
VLC system [6]–[8], wherein the transmitter uses the index
information of the activated LEDs to carry information. Com-
pared with traditional MIMO-VLC system, the GSM-VLC
system can reduce the system complexity and obtain a higher
spectrum efficiency [8]–[10].

As an emerging technology, so far, the main VLC research
topic is focused on the structure of system transmission, while
the research on performance analysis such as signal detection
of the system is typically based onmaximum likelihood (ML)
optimal signal detection method [11]–[13]. However, the ML
signal detector has the high computational complexity and it
is not expandable along with the number of LEDs. Hence,
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how to reduce the complexity of signal detection under the
premise of ensuring the signal detection performance of the
system has become an important proposition to be solved.

In recent years, for the in-depth research in related fields
of machine learning, it has been used to solve a series of
engineering problems, especially in signal processing, pat-
tern recognition, intelligent control and digital communi-
cation systems [14]. On signal detection in traditional RF
wireless communication system, machine learning technol-
ogy can effectively reduce the signal detection complexity
while maintaining the bit error ratio (BER) performance
of the system [15]–[17]. Specifically, a completely blind
K-means clustering (KMC) detection algorithm for space
shift keying (SSK) system was proposed in [15], however
this detector has a certain error platform effect. Although
it can be alleviated by increasing the number of algorithm
executions, its complexity will increase greatly. In order
to reduce the complexity of the algorithm, an improved
K-means clustering (IKMC) detection algorithm was pro-
posed in [16] by optimizing the initial clustering centers.
However, the performance of the IKMC detector will dete-
riorate sharply as the cluster centers increase. Furthermore,
a new blind detector termed as KMC based on the concept
of constrained clustering was given in [17] by controlling the
number of received symbols in each class, wherein the KMC
detector’s unconstrained optimization problemwas converted
into a constrained optimization problem, so as to obtain the
optimized clustering centers to avoid system performance
degradation caused by the increase in the number of clusters.
The above methods mainly use unsupervised learning meth-
ods rather than supervised learning methods.

For VLC system, a signal detection method based on deep
learning (DL) was proposed in [18], which integrated two
connected multi-layer perception (MLP) networks into the
receiving end and demodulated the received signal to com-
plete the detection. Additionally, a DL-based auto-encoder
for multi-dimensional color modulation of multi-color VLC
system was considered in [19], which can effectively reduce
the average symbol error ratio. Furthermore, for OFDM-VLC
system, a signal detection algorithm based on support vector
machine (SVM) was provided in [20]. However, none of the
above methods consider applying machine learning technol-
ogy to indoor MIMO GSM-VLC system.

In the indoor VLC system considered in this paper, due to
the needs of lighting, multiple LED modules are generally
arranged in the service space. Under this background, it is
very suitable to use the GSM-VLC system to implement
wireless communication services for application scenarios.
Therefore, the indoor GSM-VLC system will be considered
in this paper and the signal detection will be implemented by
utilizing the SVM method in machine learning. Specifically,
a training symbol data set is generated randomly and then
a label vector of the training sample is constructed. Subse-
quently, the kernel SVM is used to construct the optimization
problem of signal detection, and the convex dual problem of
the original problem is obtained through transformation. As a

FIGURE 1. Conceptual diagram of indoor VLC system:
Nt = Nr = 4, L̃ = W̃ = 5 m, H̃ = 3 m.

result, the online signal detection for any given data stream
is realized. In order to test the detection performance based
on the SVM signal detection technology in the considered
GSM-VLC system, the detection algorithm proposed was
compared with multiple classical detection algorithms such
as ML, KMC and IKMC through BER performance analysis.
The simulation results show that the SVM aided detector can
obtain better system detection performance in terms of the
BER performance and the complexity.

The following content of this paper is arranged as follows:
The detailed mathematical model of the signal and VLC
channel in the GSM-VLC system are described in Section II.
In Section III, the SVM aided signal detection scheme and
algorithm are presented in detail; The performance results
and related discussions are provided in section IV. Finally,
we provide our concluding remarks in Section V.

II. GSM-VLC SYSTEM AND SIGNAL MODELING
This paper considers an indoor GSM-VLC system based on
intensity modulation (IM)/direct detection (DD) technology,
where the transmitter uses multiple LEDs to send signals
to the indoor randomly distributed user receivers. In this
communication system, considering the indoor application
environment of size L̃ × W̃ × H̃ (m3), the transmitting end
is equipped with Nt downward-mounted LEDs on the ceil-
ing, and the receiving end is equipped with Nr upward
photo-detectors (PDs) to communicate with the transmit-
ting LEDs, as shown in Fig. 1. For simplicity, although not
required, this paper assumes that all LEDs and PDs have the
same parameters. In addition, it is further assumed that the
transmitter can obtain the position of the receiver and channel
state information (CSI) through some positioning methods
of the VLC system. Therefore, the considered GSM-VLC
system represents a typical MIMO-VLC Gaussian channel
model.

The signal observed by the randomly distributed user
receiving end PD is expressed as

y = Hx+ w (1)

VOLUME 9, 2021 80361



H. Sun et al.: SVM Aided Signal Detection in GSM VLC System

FIGURE 2. Block diagram of the considered GSM-VLC system.

where H ∈ RNr×Nt
+ represents the channel gain

between the transmitting end and the receiving end link,
x = [x1, x2, . . . , xNt ]

T
∈ RNt represents the signal vector

carrying information sent by the transmitter. In order to adjust
the lighting level of the LED, it is assumed that the same direct
current (DC) bias signal vector IDC ∈ RNt

+ with identical
element IDC is superimposed on x in (1) [21]. In addition,
in (1), w ∼ N (0Nr , σ

2INr ) is the zero-mean additive white
Gaussian noise (AWGN) received at the receiving end PD.
The block diagram of GSM-VLC system is shown in Fig. 2.
In order to avoid clipping distortion, save power, and

for safety, we can limit the total current IDC + xi of the
ith LED to the range of [(1 − α)IDC, (1 + α)IDC], where
α ∈ [0, 1] is called the modulation index [22]. At the same
time, the information-carrying signal xi must satisfy the peak
amplitude constraint |xi| ≤ A,∀i, where A = αIDC ∈ R+.

A. VLC CHANNEL MODEL
In indoor VLC, using the generalized Lambertian emission
mode, the path gain Gij between the jth LED and the ith PD
can be expressed as [23]

Gij=


1

2πd2ij
(L + 1)AR cosL(φ) cosψij, |ψij| ≤ 9FoV,

0, |ψij| > 9FoV

(2)

where 81/2 is half irradiance angle, which is measured from
the optical axis of the LED, and L = −ln(2)/ln(cos(81/2))
is the order of Lambertian emission. dij is the light-of-sight
(LoS) distance between the jth LED and the ith PD. φ is the
angle of irradiance of LED, ψij is the angle of incidence of
the jth LED and ith PD optical link, which is measured from
the axis normal to the receiver surface. Also, for receiver, β is
the refractive index of the optical concentrator and APD is the
PD area. Finally, 9FoV is the receiver’s field-of-view (FoV)
semi-angle. Then, the detection area of the PD is given by

AR =
β2

sin2(9FoV)
APD (3)

The geometric model of LoS transmission is demonstrated
in Fig. 3. Please note that from (2) we can conclude that
the path gain Gij of the VLC system depends on the specific
positions of the transmitter LED and the receiver PD. If the
LED is not in the FoV at the receiving end, the link gain Gij
will be zero.

FIGURE 3. Schematic diagram of the geometric model of LoS
transmission in VLC system.

As a whole, the VLC channel gain between the jth LED
and the ith PD of receiver can be expressed as

hij = TRηGij, i = 1, 2, . . . ,Nr , j = 1, 2, . . . ,Nt (4)

where T is the gain of the optical filter, R is the responsivity
of the PD and η is the current-to-light conversion efficiency
of the LEDs, respectively.

Additionally, for indoor VLC, the received light signals by
the PDs of receiver are a summation of the LoS component
and multiple non-LoS (NLoS) ones due to walls reflection
of the service room. However, the total received optical
power conveyed by the LoS link is more than 95% at the
receiver. Moreover, even the strongest NLoS component is
still at least 7 dB lower than the LoS one [23]. Consequently,
when considering that the transmit LEDs are installed on the
ceiling of the service area and face down-forwards, the chan-
nel model in Eq. (2) can neglect the NLoS components, but
consider only the LoS component for carrying out tractable
analysis. We note furthermore that the indoor VLC channel
remains unchanged over thousands to millions of successive
bits, and hence, it is considered quasi-static in the considered
system [17].

B. SIGNAL MODEL
Let us assume that the transmitter is constituted by N̄ LEDs
in the considered service room. For our proposed GSM-VLC
system, we assume that Nt (Nt ≤ N̄ ) LEDs are utilized for
implementation of the GSM modulation among the N̄ LEDs.
During one specific symbol duration, among the selected Nt
transmit LEDs, nt LEDs are activated to transmit the specific
information symbol, while the rest (N̄ − nt ) LEDs are only
used for illumination. Hence, there are in total M̄ =

(Nt
nt

)
pos-

sible combinations, among which 2ml are used transmitting
ml bits per symbol, and ml = blog2

(Nt
nt

)
c, where b.c denotes

floor operation.
Furthermore, the length of the remaining bits per symbol

is ms = log2(|M|), where |M| is the order of the IM pulse
amplitude modulation (PAM) constellation and is assumed to
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be the power of 2, and we further assume that S = {sm}|M|m=1,
where sm =

2Im
|M|+1 ,m = 1, 2, . . . , |M|, I is the mean

optical intensity emitted. Therefore, the number of binary bits
per GSM symbol is nGSM = ml + ntms = blog2 M̄c +
nt log2(|M|).
We assume that an independent and identically distributed

(i.i.d.) random bit sequence {. . . , b1, b2, . . . , br , . . .} puts
into the GSM mapper, where the bit sequence is divided into
blocks of nGSM = blog2 M̄c + nt log2(|M|) bits that are
mapped into the GSM symbols x, x ∈ X , and X is the(Nt
nt

)
|M| = M̄ |M| GSM symbols set. Aided by x, special

LEDs is selected to transmit a symbol with particular optical
intensity chosen from the set of S . Consequently, the selected
LEDs will transmit the signal with a special intensity
sm,m = 1, 2, . . . , |M| equiprobable at this particular time
instant and all other LEDs remain silent just for lighting.

Hence, the transmitted GSM-VLC signal vector x can be
expressed as follows

x = [0 . . . 0 si1 0 . . . 0 si2 0 . . . 0 sint 0 . . . 0]
T
+ IDC1 l

(5)

where ij ∈ {1, 2, . . . ,Nt }, j = 1, 2, . . . , nt , represents the
index of the ijth activated LED, si1 , si2 , . . . , sint ∈ S , 1l
denotes all-one column vector of length Nt . Accordingly,
after removing the DC component IDC, the received signals
y ∈ RNr could be simplified from (1) as

y = [hi1 . . . hint ][si1 . . . sint ]
T
+ w

=

int∑
ı=i1

hı sı + w = Hιs+ w (6)

where Hι = [hi1 hi2 . . . hint ] represents the submatrix of
H with nt columns, they are determined by the index of the
nt th activated LEDs, and s = [si1 si2 . . . sint ]

T denotes
the transmit symbol vector corresponding to the LEDs
ι = {i1, i2, . . . , int }.
Note that, the above described GSM-VLC system is

reduced to the SM-VLC system, when nt = 1. Intuitively,
the SM-VLC scheme is a special case of our GSM-VLC,
hence all the following results, conclusions, and detection
algorithms that we describe for GSM-VLC system are easily
transposed to the SM-VLC by letting nt = 1.

III. SVM AIDED SIGNAL DETECTION OF GSM-VLC
SYSTEM
A. CONVENTIONAL SIGNAL DETECTION BY
MAXIMUM LIKELIHOOD
In our considered GSM-VLC systems, the task of the detector
employed by receiver is to determine which data symbol and
LEDs combination are selected by the transmitter during a
symbol period, i.e., to decide which channels are activated
for delivering information, and the utilized data symbol inten-
sity should also be decoded simultaneously. Since the LEDs
combination and data symbol are equiprobably selected,
the optimal detector employed by receiver can be designed by

following the criterion of ML detection, which is expressed
as

[îι, ŝm] = argmin
ι∈{1,...,M̄},sm∈S

‖y−Hιs‖22 (7)

where ‖ · ‖2 denotes the Euclidean norm.
Then, the error performance of receiver employing the

detector of (7) will be analyzed in detail. To begin with,
the pairwise error probability of the detector at receiver is
defined as the probability of detecting the symbol sν trans-
mitted from the m̄τ th LEDs combination, while instead the
m̄ς th LEDs combination is actually activated and transmits
symbol sµ, which is denoted as P(Hm̄ς sµ 7→ Hm̄τ sν |H, S)
and can be expressed as

P(kςµ 7→ kτν |H, S) = P
(
‖y− kτν‖

2
2 > ‖y− kςµ‖

2
2

)
= P

(
‖w‖22 > ‖k

ς
µ − kτν − w‖22

)
= P

(
2(kςµ − kτν )

Tw > ‖kςµ − kτν‖
2
2

)
= Q

(
‖kςµ − kτν‖

2σ

)
(8)

where kςµ = Hm̄ς sµ and kτν = Hm̄τ sν , respec-
tively. Q(·) is the Gaussian Q-function, and is defined as
Q(x) = 1

√
2π

∫
∞

x exp
{
−
t2
2

}
dt .

Consequently, with the aid of the union-bound
approach [24], we can express the upper-bound BER at
receiver as

Pbit ≤
1

nGSM|X |

M̄∑
m̄ς=1

|M|∑
µ=1

M̄∑
m̄τ=1

|M|∑
ν=1

Hd
(
Hm̄ς sµ 7→ Hm̄τ sν

)
×P(Hm̄ς sµ 7→ Hm̄τ sν |H, S)

=
1

nGSM|X |

M̄∑
m̄ς=1

|M|∑
µ=1

M̄∑
m̄τ=1

|M|∑
ν=1

Hd
(
Hm̄ς sµ 7→ Hm̄τ sν

)
×Q

(
‖kςµ − kτν‖

2σ

)
(9)

where Hd
(
Hm̄ς sµ 7→ Hm̄τ sν

)
is the Hamming distance

between the bits representations of Hm̄ς sµ and Hm̄τ sν .

B. CONCEPT OF SVM
SVM is a classical supervised classification method in
machine learning society, which has been widely used in sig-
nal processing, pattern recognition, image analysis and digital
communication systems [10]. In fact, the classical SVM is a
two-class classifier, which classifies the convex hulls of two
disjoint samples in the space by generating a hyperplane to
find the maximum margin. The subset of samples closest to
the hyperplane is termed as support vectors, which can be
utilized to determine the location of the separating hyper-
plane. For the linearly separable problem in an n-dimensional
feature space with feature vector v, the hyperplane can be
described as

G(v) = wTv+ % = 0 (10)
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where w is the normal vector, which determines the direction
of the hyperplane, % is a scalar constant that controls the
distance between the hyperplane and the origin. Obviously,
the hyperplane can be determined by the normal vector w
and the displacement term %. The hyperplane G(v) is learned
using P elements training data set {vp, up}, p = 1, . . . ,P
and P = P+ + P−, where vp ∈ Rn is feature vector,
up ∈ {+1,−1} is the label, P+ and P− represent the numbers
belonging to labels +1 and −1, respectively.

In order to maximize the distance between the hyperplane
and the training samples that are closest to the considered
hyperplane, the parametersw and % can be readjusted tomake
these points lie on either hyperplane {v | wTv + % = −1} or
{v | wTv + % = +1}. Consequently, the distance between
these two parallel hyperplane is termed as margin and equals
2
‖w‖22

, where ‖·‖2 is used to denote the Euclidean norm. Then,

by introducing the sign variables up and simple operations,
the classification problem is turned to a convex optimization
problem, which can be expressed as

min
w,%

1
2
‖w‖22

s.t. up(wTvp + %) ≥ 1, p = 1, . . . ,P (11)

The optimization problem of (11) is a convex quadratic
programming problem, it could be resolved by existing soft-
ware package. Actually, the problem of (11) can also be
solved by its Lagrange dual problem more efficiently by
lagrangian multiplier method, the corresponding generalized
Lagrangian function of optimization problem (11) can be
written as

L(w, %,α) =
1
2
‖w‖22 −

P∑
p=1

αp[(wTvp + %)− 1] (12)

where α = [α1, . . . , αP]T ∈ RP
+ is the associated Lagrange

multiplier vector or termed as dual variable vector. Due to
the Karush-Kuhn-Tucker conditions for differentiable convex
problem,we can arrive at the dual problem of the optimization
problem (11) as

max
α

P∑
p=1

αp −
1
2

P∑
p=1

P∑
q=1

upuqαpαqvT
pvq

s.t.
P∑
p=1

upαp = 0,

αp ≥ 0, p = 1, . . . ,P (13)

Suppose the optimal solution of the primal and dual opti-
mization problem in (11) and (13) are denoted as w?, %?,α?,
respectively. Then, the parameters w? and %? can be repre-
sented by α? respectively as

w? =
P∑
p=1

α?pupvp (14)

%? =
1
|V|

∑
n∈V

[
un − w?Tvn

]
(15)

where V is the index set of all support vectors and |V| denotes
the cardinality of set V . Hence, for any new coming feature
vector v, the decision of classification can be obtained by

sign
[
w?Tv+ %?

]
= sign

( P∑
p=1

α?pupv
T
pv+ %

?

)
(16)

Nevertheless, for general classification problem, the train-
ing data samples cannot be separate by a hyperplane. In this
case, the kernel SVM is proposed by using a nonlinear
classification function G̃(v) = wTφ(v) + %, similarly with
(11), we have the following convex quadratic programming
problem

min
w,%

1
2
‖w‖22

s.t. up(wTφ(vp)+ %) ≥ 1, p = 1, . . . ,P (17)

Then the dual problem of (17) can be expressed as

max
α

P∑
p=1

αp −
1
2

P∑
p=1

P∑
q=1

upuqαpαq(φ(vp))Tφ(vq)

s.t.
P∑
p=1

upαp = 0,

αp ≥ 0, p = 1, . . . ,P (18)

By defining the kernel function κ(a,b) = (φ(a))Tφ(b),
(18) can be expressed as

max
α

P∑
p=1

αp −
1
2

P∑
p=1

P∑
q=1

upuqαpαqκ(vp, vq)

s.t.
P∑
p=1

upαp = 0,

αp ≥ 0, p = 1, . . . ,P (19)

For real Euclidean space, the kernel function κ(·, ·) can be
chosen arbitrarily by the guarantee by Mercer’s condition.
There are several popular kernel function in practice, which
are listed as follows

Linear Kernel : κ(a1, a2) = aT
1a2

Gaussian Kernel : κ(a1, a2) = exp
(
−
‖a1 − a2‖22

2σ 2

)
Laplace Kernel : κ(a1, a2) = exp

(
−
‖a1 − a2‖2

σ

)
Sigmoid Kernel : κ(a1, a2) = tanh

(
βaT

1a2 + θ
)

(20)

Suppose the optimal solution of the primal and dual opti-
mization problem in (17) and (18) are denoted as w?, %?,α?,
respectively. Then, the parameters w? and %? can be repre-
sented by α? respectively as

w? =
P∑
p=1

α?pupφ(vp) (21)

%? =
1
|V|

∑
n∈V

[
un − w?Tφ(vn)

]
(22)
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TABLE 1. An example GSM mapping table with Nt = 5, nt = 2, M = 2.

where V is the index set of all support vectors and |V|
denotes the cardinality of set V . Hence, for any new com-
ing data ṽ, the decision of classification can be obtained
by (16).

C. SIGNAL DETECTION SCHEME AIDED BY SVM
In this subsection, an SVM aided signal detection algorithm
is proposed with low complexity and good performance of
the considered GSM-VLC system. Speifically, by using the
classification idea of SVM, a four-stage signal detection strat-
egy is proposed, which is termed as: 1) Generating training
data set; 2) Labeling samples; 3) Building learning system;
4) Signal detection. The detailed procedures are elaborated
on as follows.

1) GENERATING TRAINING DATA SET
Generally, the training data set is the input of the SVM
learning system, which is constituted by part of the received
signal y. In our considered GSM-VLC system, the transmit-
ted data bits at any particular time instant consist of two
groups, the first group contains blog2

(Nt
nt

)
c bits and activates

LEDs combination selected from the set of Nt LEDs, where
nt is the number of LEDs activated simultaneously in each
time instant, the second group with log2 |M| bits modulates
a signal constellation symbol from the PAM. Assuming that
the number of transmitting LEDs is Nt and the number of
signal constellation symbols is |M|, then in our GSM-VLC
system, ηGSM = blog2

(Nt
nt

)
c + log2 |M| data bits can be

transmitted at any time instants. As an example and without
loss of generality, assuming that Nt = 5, nt = 2 and
M = 2, i.e., the number of intensity levels is 2 and I1 = 2

3 ,
I2 = 4

3 , in this special GSM-VLC system, the mapping table
is illustrated in Table 1.

Based on this mapping rule, the transmitted signal x can be
obtained according to the described mapping criteria. Then,
by performing the following steps, the training samples y can
be obtained.

• Step 1: The signal vector to be transmitted
x = [x1, x2, . . . , xNt ]

T
∈ RNt is generated from the

mapping criteria.
• Step 2: Passing the generated transmission signal
through the channel H ∈ RNr×Nt

+ of the VLC system
corrupted by AWGN.

• Step 3: Generating the received signal vector y accord-
ing to Eq. (1), and taking part of y as the training
data set.

2) LABELING SAMPLES
From Table 1, we will learn that the LEDs combination
index and symbols can be identified effortlessly, and hence
we can label the transmitted signals according to the LEDs
combination index and symbols aided by mapping criteria.
Suppose that the combination of the label set and a collec-
tion of bit information are denoted by L and I, respectively.
As discussed, there exists a one-to-one mapping between L
and I. A quintessential example should be cited that labels
for a special GSM-VLC system are demonstrated in Table 1,
where Nt = 5, nt = 2 and M = 2. The detailed
labeling procedure can be summarized as the following
steps.
• Step 4: Generating ηGSMP bits stream I randomly, then
every successive ηGSM bits are taken as a group. As a
result, we obtain P data bits groups.

• Step 5: According to the mapping criteria proposed
above, for the pth bits group ip ∈ I, we can obtain the
corresponding label lp ∈ L.

• Step 6: Repeating Step 5 until the corresponding labels
of all samples ip, p = 1, 2, . . . ,P are obtained, thus
forming the label vector b.

3) BUILDING LEARNING SYSTEM
Through the above arranged steps, using the obtained
received signal y and its corresponding label vector b, a learn-
ing system for multiple classifications can be constructed
to complete the classification and detection of the received
signal. The detailed process is as follows:

• Step 7: Normalizing the data set.
• Step 8: One-vs-rest (l − vs − l) binary label classifi-
cation method: As stated before, for general classifi-
cation problem, training feature samples are generally
unseparable by a single hyperplane linearly. In order
to commence this problem, the kernel SVM is used
to obtain the following convex quadratic optimization
problem aided by slack variables and KKT conditions

max
α

P∑
p=1

αp −
1
2

P∑
p=1

P∑
p̃=1

blpbl̃pαpα̃pκ(dp, d̃p)

s.t.
P∑
p=1

αpblp = 0,

0 ≤ αp ≤ C̃, p = 1, . . . ,P (23)
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where C̃ ∈ R+ is the penalty coefficient, which is
employed to balance the model bias and over fitting,
α ∈ RP

+ is the dual variable vector. κ(dp, d̃p) is a
kernel function of feature vectors dp and d̃p, which is
utilized to map unseparate linearly feature samples from
lower dimensional to higher dimensional, so that one
can obtain the separable transformed features. There are
several popular kernel function in practice and the Gaus-
sian kernel function is employed in this paper, which is
defined as

κ(dp, d̃p) = exp(−
‖dp − d̃p‖22

2σ 2 ) (24)

Aided by some famous convex optimization toolbox,
convex quadratic programming problem (23) can be
resolved efficiently, and the optimal solution is denoted
as α?l = [α?l1, . . . , α

?
lP]

T. Upon involving this optimal
solution α?l , the parameter w?l and %

?
l can be represented

by α?l as

w?l =
P∑
p=1

α?lpblpφ(dp) (25)

%?l =
1
|V|

∑
n∈V

[
bln − w?Tl φ(dn)

]

=
1
|V|

∑
n∈V

[
bln −

P∑
p=1

α?lpblpφ(dp)
Tφ(dn)

]

=
1
|V|

∑
n∈V

[
bln −

P∑
p=1

α?lpblpκ(dp,dn)
]

(26)

where V is the index set of all support vectors and |V|
denotes the cardinality of set V .

• Step 9: Repeat step 8 for all l ∈ {1, . . . , |L|}

4) SIGNAL DETECTION
Once we get all α?l , l ∈ {1, . . . , |L|}, a signal detection
learning system may be built according to previous detailed
steps. Hence, for any new coming bits group, it is manipulated
into a real-valued feature vector and provided to the learning
system. And consequently, the final result is the label of
the prediction class, which corresponds the signal detection
result. The detailed specific steps are as follows:

• Step 10: Input D received symbols as the test set data
into the training model, and demodulate the obtained
classification result into bit information for signal detec-
tion. Specifically, suppose all the classification results
are stored in a D-dimensional row vector ς , we take the
d th element ςd , d = 1, . . . ,D of ς , and then subtract 1
from its value and convert it to binary, finally, the result
is stored as the d th column in a matrix X with 4 rows
and D columns.

• Step 11: Repeating step 10 until allD elements in ς have
been completed binary conversion.

D. THE PROPOSED SVM AIDED DETECTION ALGORITHM
By utilizing the classification idea and SVM approach, a sig-
nal detection algorithm is proposed with low complexity
and good performance of the considered indoor GSM-VLC
system. The algorithm is demonstrated in Algorithm 1.

Algorithm 1 : The Proposed SVM Aided Detection
Algorithm
Training stage:
Input: received data sequence y for model training and
testing;
1) denote the combination of the label set by L,
a collection of bit information as I;
2) map received signal y to ηGSMP bits stream to form I,

P data bits groups are obtained and each have ηGSM
bits;

3) for the pth bits group ip ∈ I, one can obtain the
corresponding label lp ∈ L, repeating this operation
until the corresponding labels of all data bits groups
ip, p = 1, . . . ,P are obtained, forming the label
vector b;

4) do one-vs-rest (l − vs− l) binary label classification;
for l ∈ {1, . . . , |L|} do

(23) - (26)
end
5) once we get all α?l for l ∈ {1, . . . , |L|}, a signal

detection training system is built according to
previous detailed steps.

Output: the trained detection model;
Detecting stage:
Input: received data sequence ỹ for model testing or
online detecting;
1) input received symbols ỹ as the detection data into the

trained model and obtain the classification label;
2) demodulate the obtained classification label into bit

information for signal detection;
3) repeating until all received symbols have been

completed binary conversion.
Output: the demodulated information bits;

IV. NUMERICAL AND SIMULATION RESULTS
This section will present the simulation results and perfor-
mance analysis of the proposed SVM aided signal detection
algorithm for the considered GSM-VLC system. In order
to prove the performance of the proposed signal detection
algorithm, we simulated an indoor environment with a size of
[5×5×3] m3. We further assume that the emitting end LEDs
are perpendicular to the ceiling and facing down to the floor,
with a height of 3 m from the ground, the receiving end PDs
are located away from the ceiling and on tables with a floor
height of 0.85m, it is also assumed that they are perpendicular
to the table and face up to the ceiling. The half-power angle
(81/2) of the LED is set to 60◦. The FoV half angle (9FoV) of
the receiver PD is also set to 60◦, and the size of the physical
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TABLE 2. The spatial distribution coordinates of the LEDs’ locations.

TABLE 3. System simulation parameters.

receiving area (APD) of each PD is 1 cm2, the responsiveness
of PD (R) is 100µA/mW. The selection of LED position and
simulation parameters are shown in Table 2 and Table 3.

A. BER PERFORMANCE ANALYSIS
In this section, we will present the BER performance sim-
ulation results of the proposed SVM aided signal detection
algorithm in the considered GSM-VLC system, which is
compared with some classical traditional signal detection
algorithm, such as ML detection algorithm, KMC detection
algorithm [15] and IKMC detection algorithm [16].

1) BER PERFORMANCE ANALYSIS OF SM-VLC SYSTEM
At first, we will demonstrate the BER performance simu-
lation results of SM-VLC system with different detection
algorithms, which are depicted in Fig. 4 and Fig. 5. In these
simulations, it is assumed that the number of LEDs at the
transmitting end is Nt = 4 or 8, the number of PDs at the
receiving end is Nr = 4, the number of activated LEDs in
each time slot is nt = 1 and the number of symbols isM = 2.

From Fig. 4 and Fig. 5, we can obtain that the traditional
KMC detection algorithm has an error platform effect when
the signal-to-noise ratio (SNR) is high, although this problem
can be alleviated by increasing the number of algorithm oper-
ation, but it still can’t be completely resolved. Although the
IKMC detection algorithm can solve the error platform prob-
lem, however, as can be seen from Fig. 4 and Fig. 5 that there
is still an obvious BER performance gap between the IKMC
detection algorithm and the SVM-based detection algorithm
and the ML detection algorithm. In addition, the BER perfor-
mance of our proposed SVM aided signal detection algorithm

FIGURE 4. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of SM-VLC system with
system configuration: Nt = 4,Nr = 4,nt = 1,M = 2.

FIGURE 5. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of SM-VLC system with
system configuration: Nt = 8,Nr = 4,nt = 1,M = 2.

is better than traditional KMC detection and IKMC detection,
and is close to ML detection algorithm. For example, the per-
formance difference between our proposed SVM aided signal
detection algorithm and ML detection algorithm is less than
0.7 dB when BER is 10−4.

2) BER PERFORMANCE ANALYSIS OF GSM-VLC SYSTEM
Then, the BER performance simulation results of GSM-VLC
system with different detection algorithms are demonstrated
in this simulation, which are depicted in Fig. 6 and Fig. 7.
In this simulation, we assume that the number of LEDs at
the transmitting end is Nt = 4 or 8, the number of PDs
at the receiving end is Nr = 4, the number of activated
LEDs in each time slot is nt = 2 and the number of
symbols isM = 2.

From Fig. 6 and Fig. 7, we can learn that the traditional
KMC detector still has a serious error platform effect when
the SNR is higher than 10 dB. Although the IKMC detection
algorithm can solve the error platform problem of KMC
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FIGURE 6. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of GSM-VLC system with
system configuration: Nt = 4,Nr = 4,nt = 2,M = 2.

FIGURE 7. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of GSM-VLC system with
system configuration: Nt = 8,Nr = 4,nt = 2,M = 2.

detector, however, as can be seen from Fig. 6 and Fig. 7
that there is still about 5 dB BER performance gap between
the IKMC detection algorithm and the SVM based detection
algorithm and the ML detector. In addition, the BER perfor-
mance of our proposed SVM aided signal detection algorithm
outperforms both the traditional KMC and the IKMC detec-
tor, which has approached to ML detection algorithm. When
the BER is 10−4, the performance difference between SVM
aided signal detection algorithm and ML detection algorithm
is less than 0.6 dB. The simulation analysis further verifies
the effectiveness of the proposed SVM aided signal detection
algorithm.

Comparing the simulation results of SM-VLC and
GSM-VLC two different situations with four various detec-
tion algorithms in Fig. 4 - Fig. 7, it can be concluded that the
BER performance of the proposed signal detection algorithm
aided by SVM is close to the optimal ML detector, and obvi-
ously superior than KMC and IKMC detectors, especially in
relatively high SNR region.

FIGURE 8. The relationship between channel matrix condition number
and the LEDs spacing.

FIGURE 9. The relationship between channel matrix condition number
and the PDs spacing.

B. CORRELATION ANALYSIS
Based on the results obtained in [25], the channel spatial
correlation of indoor GSM-VLC system is mainly affected
by the spatial locations’ distribution of LEDs and PDs. For a
typical application scenario with indoor GSM-VLC system,
we assume that the number of LEDs and PDs are both 4, and
by utilizing channel matrix condition number as the measure
of spatial correlation ofMIMOchannel, the condition number
of channel matrix versus the distance between each LED is
demonstrated in Fig. 8, where the vertical distance between
LEDs and PDs is set as 2.15 m. And similarly, the condition
number of channel matrix versus the distance between each
PD is demonstrated in Fig. 9, where the vertical distance
between LED and PD is also set as 2.15 m. Furthermore,
the condition number of channel matrix versus the vertical
distance between LEDs and PDs is depicted in Fig. 10, where
the distance between adjacent LEDs is set as 2 m and adjacent
PDs is set as 0.2 m, respectively. From Fig. 8 to Fig. 10,
we can learn that the channel spatial correlation becomes
stronger with the decreasing of LEDs spacing, PDs spacing,
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FIGURE 10. The relationship between channel matrix condition number
and the vertical distance of LED and PD.

TABLE 4. The spatial distributions of LEDs’ locations with Nt = 4,8.

and the increasing of the vertical distance between LEDs
and PDs.

Next, in order to test the influence of spatial correlation of
MIMO channel in our considered GSM-VLC system on the
proposed SVD aided detection approach and other detectors,
the following simulation are designed.

At first, the simulations are designed to test the impact
of changing the LEDs spacing on the detection performance
of different detectors, while all other parameters are fixed.
Specifically, assuming that the number of LEDs and PDs
are Nt = 4, 8 and Nr = 4, respectively. We assume the
number of activated LEDs in each time slot is nt = 2, and
the order of the IM PAM is |M | = 2. We also assume
that the distance between adjacent PDs is fixed at 0.2 m,
the vertical distance from LEDs to PDs is fixed as 2.15m, and
furthermore the locations of LEDs are provided in Table 4.
It can be seen from Table 4 that when the number of LEDs
changes from 4 to 8, the distance between adjacent LEDs
becomes smaller. From the previous analysis results, when
the distance between adjacent LEDs decreases, the channel
spatial correlation becomes stronger. The simulation results
are shown in Fig. 11. Note that in Fig. 11, the symbol ‘(H)’
represents the results of Nt = 8, while ‘(L)’ represents the
results of Nt = 4, respectively. It can be seen from Fig. 11
that when the LEDs spacing becomes smaller, the detection
performance of all the detectors becomes worse. Although
the performance of all detection algorithms has been
reduced, the detection performance of the proposed SVM

FIGURE 11. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of GSM-VLC system with
different LEDs distances.

TABLE 5. The spatial distributions of PDs’ locations with Nr = 4,8.

based detection algorithm is still close to the optimal ML
detector.

Then, the simulations are designed to verify the impact
of changing the PDs spacing on the detection performance
of different detectors, while all other parameters are fixed.
Specifically, we assume that the number of LEDs and PDs are
Nt = 8 and Nr = 4, 8, the number of activated LEDs in each
time slot is nt = 2, and the order of the IM PAM is |M | = 2.
We also assume that the distance between adjacent LEDs is
fixed at 1 m, the vertical distance from LEDs to PDs is fixed
at 2.15 m, and furthermore the locations of PDs are provided
in Table 5. From Table 5 we learn that when the number of
PDs is 4, the distance between adjacent PDs is 0.4 m, while
when the number of PDs is 8, the distance between adjacent
PDs is 0.1 m. Again, from the previous analysis results, when
the distance between adjacent PDs decreases, the channel
spatial correlation becomes stronger. The simulation results
are shown in Fig. 11, where the symbol ‘(H)’ represents
the results of Nr = 8, while ‘(L)’ represents the results of
Nr = 4, respectively. Observe from the simulation results that
when the LEDs spacing becomes smaller, again the detection
performance of all the detectors becomesworse. Although the
performance of all detection algorithms is reduced when the
channel spatial correlation becomes stronger, the detection
performance of the proposed SVM based detection algorithm
is still close to the optimal ML detector.

Finally, the simulations are designed to examine the impact
of changing the vertical distance between LEDs and PDs
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FIGURE 12. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of GSM-VLC system with
different PDs distances.

FIGURE 13. BER performance analysis of KMC detector, IKMC detector,
proposed SVM aided detector and ML detector of GSM-VLC system with
different vertical distances between LEDs and PDs: 2 m and 1 m.

on the performance of different detection algorithms, while
all other parameters are fixed. Specifically, we assume that
the number of LEDs and PDs are Nt = 8 and Nr = 4,
respectively. The number of activated LEDs in each time slot
is nt = 2, and the order of the IM PAM is |M | = 2.We further
assume that the locations of LEDs are the same as in Table 2
with Nt = 8 and the distance between adjacent PDs are set
as 0.2 m, the vertical distance between LEDs and PDs are
set as two cases: 2 m and 1 m. The simulation results are
demonstrated in Fig. 13, where the symbol ‘(H)’ represents
a vertical distance of 2 m, while ‘(L)’ represents a vertical
distance of 1 m.

It can be observed from Fig. 13 that when the vertical
distance between LEDs and PDs is reduced, the detection
performance of all the detectors becomes better. Additionally,
we can also learn that when the vertical distance between
LEDs and PDs is changed, the performance of all detectors
does not change significantly, this is due to change the vertical
distance has limited impact on the channel spatial correlation,
as the simulation results provided in Fig. 13.

TABLE 6. Complexity orders of various detectors for the indoor GSM-VLC
system.

Consequently, we can conclude that, with stronger channel
spatial correlation, the worse detection performance will be
obtained by the proposed SVM aided detector and the other
detection algorithms of our considered GSM-VLC system.
Among three factors of the LEDs spacing, the PDs spacing
and the vertical distance between LEDs and PDs, the verti-
cal distance between LEDs and PDs has the least effect on
the performance of the detection algorithm, then is the PDs
spacing, while the LEDs spacing has the greatest impact on
detection performance.

Therefore, for actual indoor VLC application scenarios,
because the distribution space region of PDs is limited and
the vertical distance between LEDs and PDs are also deter-
mined in advance, the channel spatial correlation is mainly
determined by LEDs spacing. When the number of LEDs
at the transmitting end increases, the LEDs spacing will
be reduced, and eventually the channel spatial correlation
becomes stronger, and the detection performance of the pro-
posed SVM aided detector and other detectors will be deteri-
orated unavoidably. Consequently, we should try to layout the
locations distribution of LEDs to make the adjacent spacing
as large as possible.

C. COMPLEXITY ANALYSIS
The previous simulation experiments have verified the BER
performance of the proposed SVM aided signal detection
algorithm in the indoor GSM-VLC system considered in this
paper, and the results show that it is close to the optimal
ML detection algorithm. Following this, the superiority of
the algorithm proposed in this paper will be verified from the
computational complexity aspect.

Aided by the complexity analysis of the conventional KMC
and IKMC detector in [15], [16], in this paper, the com-
plexities of the proposed and other detectors are compared
in Table 6, where L is the length of transmit signal sequence,
F is the number of loop in KMC algorithm and niter is
the number of iterations of the KMC and IKMC detection
algorithms in each loop. It should be noted that, in general
case, L is set as tens or hundreds, and when there are more
LEDs and higher modulation order |M |, the value of F needs
to be hundreds or even thousands to obtain the convergence of
algorithm KMC, which makes the complexity of both KMC
and IKMC detectors very large. It can be seen from Table 6
that the computational complexity of the SVM aided signal
detection algorithm proposed in this paper is significantly
lower than that of the traditional signal detection algorithm.

Through the comprehensive consideration of BER perfor-
mance analysis and computational complexity analysis of
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various algorithms, the SVM aided signal detection algorithm
proposed in this paper has appropriate comprehensive per-
formance in the considered indoor GSM-VLC system, which
effectively improves the system efficiency.

V. CONCLUSION
Aiming at the channel characteristics of indoor GSM-VLC
system, this paper models the signal detection problem
of indoor GSM-VLC system as a multiple classification
problem, and proposes a low-complexity and high-efficiency
signal detection algorithm based on SVM. By randomly gen-
erated independent and identically distributed symbol data,
a training sample set was obtained and a label vector of the
this training sample set was then constructed. Following this,
the kernel SVM was utilized to formulate the optimization
problem of signal detection. Aided by the dual theory, the dual
problem of the quadratic convex programming of the original
problemwas formulated to efficiently obtain the optimal clas-
sification parameters of the SVM. Finally, the online signal
detection of any given received symbol data was realized
by taking advantage of the optimal classification parameters
obtained by the proposed learning scheme. Compared with
traditional signal detection algorithms, the algorithm pro-
posed in this paper can achieve BER performance close to
the optimal detector with considerable lower computational
complexity.
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