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Abstract—Optical wireless communication (OWC) has been
a rapidly growing research area in recent years. Applying
multiple-input multiple-output (MIMO), particularly large-scale
MIMO, into OWC is very promising to substantially increase
spectrum efficiency. However, one challenging problem to realize
such an attractive goal is the practical signal detection algorithm
for optical MIMO systems, whereby the linear signal detection
algorithm like minimum mean square error (MMSE) can achieve
satisfying performance but involves complicated matrix inversion
of large size. In this paper, we first prove a special property that
the filtering matrix of the linear MMSE algorithm is symmetric
positive definite for indoor optical MIMO systems. Based on this
property, a low-complexity signal detection algorithm based on the
successive overrelaxation (SOR) method is proposed to reduce the
overall complexity by one order of magnitude with a negligible
performance loss. The performance guarantee of the proposed
SOR-based algorithm is analyzed from the following three aspects.
First, we prove that the SOR-based algorithm is convergent for
indoor large-scale optical MIMO systems. Second, we prove that
the SOR-based algorithm with the optimal relaxation parameter
can achieve a faster convergence rate than the recently proposed
Neumann-based algorithm. Finally, a simple quantified relaxation
parameter, which is independent of the receiver location and
signal-to-noise ratio, is proposed to guarantee the performance
of the SOR-based algorithm in practice. Simulation results verify
that the proposed SOR-based algorithm can achieve the exact performance of the classical MMSE algorithm with a small number
of iterations.
Index Terms—Optical wireless communications, large-scale
MIMO, signal detection, minimum mean square error (MMSE),
low complexity.

I. I NTRODUCTION

O

PTICAL wireless communication (OWC) like visible
light communication with huge spectrum has recently
drawn increasing attention, since it can significantly relieve
the crowed radio frequency (RF) spectrum [1], [2] and enable
attractively high speed data transmission, especially for indoor
scenarios [3]. As the wavelength of visible light is very small
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(about 400 nm ∼ 700 nm), and the indoor applications can
provide high signal-to-noise ratio (SNR) [4], it is very promising to apply the well-established multiple-input multiple-output
(MIMO) technique in RF systems [5], or even the recently
proposed large-scale MIMO using tens or hundreds of antennas
[6], into indoor OWC to simultaneously increase the spectrum
efficiency and energy efficiency by orders of magnitude [7].
Unlike traditional RF MIMO systems, indoor optical MIMO
systems employ multiple arrays of energy-efficient illumination
devices (e.g., light emitting diodes (LEDs)) in the ceiling as
the transmit antennas, and the receiver with multiple photodetectors serving as the receive antennas. Although correlation
exists among the indoor optical MIMO channels due to the
fact that indoor propagation environments usually do not have
obvious fading effects caused by turbulence [5], [8], some
feasible optical MIMO system realizations have already been
proposed to overcome this problem so that the expected gain by
employing MIMO can be achieved, e.g., [4] and [5] respectively
propose to use an imaging receiver and a link blockage to
reduce the MIMO channel correlation and hence a full-rank
channel matrix can be guaranteed.
One of the remaining challenging problems to realize the
attractive spectrum efficiency of optical MIMO systems is the
practical signal detection algorithm [9]. Similar to RF MIMO
systems, the optimal signal detector for optical MIMO systems
using intensity modulation and direct detection (IM/DD) is the
maximum likelihood (ML) detector [10], but its complexity
increases exponentially with the number of LED arrays, which
makes it impractical for large-scale optical MIMO systems. To
achieve the (close) optimal ML detection performance with
reduced complexity, some non-linear signal detection algorithms have been proposed. One typical category is based on
the sphere decoding (SD) algorithm [11], such as the fixedcomplexity sphere decoding (FSD) [12]. This kind of algorithm
uses the underlying lattice structure of the received signal and
considers the most promising approach to achieve the ML
detection performance with reduced complexity. It performs
well for conventional small-scale MIMO systems, but when the
dimension of the MIMO systems becomes large (e.g., 36 LED
arrays [4]), the complexity is still unaffordable. Another typical
category is based on the tabu search (TS) algorithm derived
from artificial intelligence, such as the layered tabu search
(LTS) algorithm [13] and the random-restart reactive tabu
search (3RTS) algorithm [14]. This kind of algorithm utilizes
the idea of local neighborhood search to estimate the transmitted signal, and limits the selection of neighborhood by a
tabu list. When the range of neighborhood is appropriately
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Fig. 1. Indoor optical MIMO system model with an imaging receiver.

small and the tabu list is carefully designed, the complexity is
acceptable for large-scale MIMO systems, but it suffers from a
non-negligible performance loss compared to the optimal ML
detector.
To make a trade-off between the performance and complexity, one can resort to linear signal detection algorithms such as
zero-forcing (ZF) and minimum mean square error (MMSE),
which have already been used for indoor IM/DD optical MIMO
systems [3]–[5], [8]. However, these linear algorithms involve
unfavorable matrix inversion of a large size. Very recently, the
Neumann series approximation algorithm [15] (which is called
as Neumann-based algorithm in this paper) has been proposed
to convert the matrix inversion into a series of matrix-vector
multiplications, so the complexity for signal detection can be
reduced, but only a marginal reduction in complexity can be
achieved.
In this paper, we propose a signal detection algorithm based
on the successive overrelaxation (SOR) method [16] to reduce the computational complexity without performance loss.
Specifically, the contributions of this paper can be summarized
as follows:
(1) We prove a special property that the MMSE filtering
matrix to be inversed is symmetric positive definite for
indoor large-scale optical MIMO systems, which is the
premise to employ the SOR method.
(2) We propose SOR-based algorithm to detect the transmitted signal in an iterative way without the complicated
matrix inversion, and the complexity analysis shows that
the overall complexity for signal detection can be reduced
by one order of magnitude.
(3) We prove the convergence of SOR-based algorithm to
guarantee its feasibility by exploiting the definition of
eigenvalue. The convergence rate analysis is provided
to show that SOR-based algorithm with the optimal relaxation parameter can converge faster than the recently
proposed Neumann-based algorithm [15]. We also pro-

pose a simple quantified relaxation parameter, which is
independent of the receiver location and signal-to-noise
ratio (SNR), to guarantee the performance of SOR-based
algorithm in practice.
(4) We conduct extensive simulations to demonstrate that
SOR-based algorithm without the complicated matrix inversion can achieve the exact performance of the classical
MMSE algorithm for indoor large-scale optical MIMO
systems with a small number of iterations, even when the
receiver is located near the room edges.
The rest of the paper is organized as follows: Section II
briefly describes the system model of indoor large-scale optical
MIMO. Section III specifies the proposed low-complexity signal detection algorithm, together with the performance analysis.
The simulation results of the bit error rate (BER) performance
are provided in Section IV. Finally, conclusions are drawn in
Section V.
Notation: We use lower-case and upper-case boldface letters
to denote vectors and matrices, respectively; (·)T , (·)H , (·)−1 ,
and | · | denote the transpose, conjugate transpose, matrix inversion, and absolute operators, respectively;  · F and  · 2
denote the Frobenius norm of a matrix and the 2-norm of a
vector, respectively; Finally, IN represents the N × N identity
matrix.

II. S YSTEM M ODEL
As illustrated in Fig. 1, we consider a typical IM/DD indoor
optical MIMO system in a room with the dimension L × W ×
H [4], where Nt LED arrays are installed in the ceiling as
the transmit antennas, and Nr photodetectors are employed as
the receive antennas. To ensure the channel spatial diversity,
an imaging receiver, which can project an image of each
LED array on a larger number of photodetectors (i.e., Nr is
usually larger than Nt ), is used [17]. It is worth noting that the
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Fig. 2. The overall diagram of the optical MIMO system.

dimension of indoor optical MIMO is usually large to achieve
a satisfied data rate [4].
Fig. 2 shows the overall diagram of the optical MIMO
system. The serial transmitted bits are first parallelized into
Nt streams by a serial-to-parallel converter (S/P), and then
transmitted by the LED arrays. Let s = [s1 , · · · , sNt ]T denote
the transmitted signal vector which contains the transmitted
bits from all Nt LED arrays, and H denote the Nr × Nt optical
MIMO channel matrix, then the received signal vector y =
[y1 , · · · , yNr ]T at the receiver can be represented as
y = Hs + n,

(1)

where n = [n1 , · · · , nNr ]T is the noise vector whose major
component is the thermal noise compared to the ambient shot
light noise [18], whose elements are independent and identically distributed (i.i.d.) following the distribution N (0, σ 2 ) [4].
For indoor visible light communications, it has been widely
reported that the power of the diffusing component caused by
the reflection from the surfaces of the room is much lower
than that of the line-of-sight (LOS) component, even when the
receiver is located near the room edges [5], [19]. Thus, usually
the LOS component is considered in the literature [4], [5], [19],
and we also consider the LOS component in this paper, where
the element hij of the channel matrix H at the ith row and jth
column can be presented as [4], [18]
hij = aij hi ,

(2)

where hi presents the normalized power in the image projected
from the ith LED array to the aperture of image lens when the
imaging receiver is located at a particular position, and it can be
expressed as
⎧K
i (m+1)AR
⎪
⎪
cosm (φik ) cos(ψik )Ts (ψik )G(ψik ),
⎪
2
⎪
2π dik
⎪
k=1
⎨
if|ψik | < ψc ,
(3)
hi =
⎪
⎪
⎪0,
⎪
⎪
⎩
if|ψik | > ψc ,
where Ki denotes the number of LEDs in the ith array; m =
− ln 2
ln(cos(φ1/2 )) presents the order of Lambertian emission, where
φ1/2 is the emission semi-angle of an LED; AR presents the
physical area of the imaging receiver; dik is the distance between the kth LED in the ith array and the center of the image
lens; φik and ψik denote the angle of emission and incidence,
respectively; ψc presents the width of the field of vision (FOV)

at the imaging receiver; Ts (ψik ) is the optical filter gain which
is set as one without loss of generality [18]. Finally, G(ψik )
denotes the gain of the optical concentrator, which can be
presented as

G(ψik ) =

n2
,
sin2 (φ1/2 )

|ψik | < φ1/2 ,

0,

|ψik | > φ1/2 ,

(4)

where n is the refractive index of the optical concentrator
material.
The other component aij of hij in (2) presents the proportion
of received power of the imaging receiver falling on the jth
photodetector, which can be presented as
aij =

Aij
l=N
r

,

(5)

Ail

l=1

where Aij denotes the area of image of the ith array on the
jth photodetector. Note that a specific method to determine the
position size of the images can be found in [4].
At the receiver, after the channel matrix H has been obtained
through time-domain and/or frequency-domain training pilots
[20], [21], the task of signal detection is to recover the transmitted signal vector s from the received signal vector y. To
make a trade-off between the performance and the complexity,
the classical MMSE linear signal detection algorithm has been
widely used for indoor optical MIMO systems [3]–[5], and the
estimate of the transmitted signal vector ŝ can be obtained by
ŝ = (HH H + σ 2 INt )−1 HH y = W−1 ŷ,

(6)

where ŷ = HH y can be interpreted as the matched-filter output
of the received signal y, and the MMSE filtering matrix W is
denoted as
W = G + σ 2 INt ,

(7)

where G = HH H is the Gram matrix. The computational complexity of the exact matrix inversion W−1 is O(Nt 3 ), which
is high for indoor large-scale optical MIMO systems in practice [4].
After signal detection, the transmitted bits are recovered [22]
and then converted into a serial stream by a parallel-to-serial
converter (P/S).
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III. L OW-C OMPLEXITY S IGNAL D ETECTION FOR I NDOOR
L ARGE -S CALE O PTICAL MIMO S YSTEMS
In this section, we first prove a special property of indoor
optical MIMO systems that the MMSE filtering matrix is
symmetric positive definite. Based on this property, we propose
a low-complexity SOR-based signal detection algorithm to iteratively achieve the performance of MMSE algorithm without
matrix inversion. The convergence proof of the proposed algorithm is then derived. We also prove that SOR-based algorithm
with the optimal relaxation parameter can converge faster than
the recently proposed Neumann-based algorithm. After that, a
simple quantified relaxation parameter is proposed to guarantee
the performance of SOR-based algorithm in practice. Finally,
the complexity analysis of SOR-based algorithm is provided to
show its advantages over conventional schemes.

Recently, Neumann-based algorithm [15] is proposed as
an efficient signal detection algorithm in large-scale MIMO
systems, as it can convert the complicated matrix inversion into
a series of matrix-vector multiplications together with a very
small number of divisions to reduce the complexity. Neumannbased algorithm detects the transmitted signal vector s as
(i+1)

=

i


−D−1 (L + LT )

k

D−1 ,

(8)

k=0

where the superscript i = 0, 1, 2, · · · denotes the number of
iterations, D, L, and LT are the diagonal component, the strictly
lower triangular component, and the strictly upper triangular
component of W, respectively, which satisfy
W = D + L + LT ,
where

⎡
⎢
⎢
D=⎢
⎣
⎡
⎢
⎢
L=⎢
⎣

w1,1
0
..
.

0
w2,2
..
.

0
0
w2,1
..
.

0

wNt ,1

wNt ,2

0
0
..
.

···
···
..
.

(9)

0
0
..
.

···
wNt ,Nt
⎤
···
0
···
0 ⎥
⎥
.. ⎥ ,
..
.
. ⎦
···
0

⎤
⎥
⎥
⎥,
⎦

WT = (G + σ 2 INt )T = W,

(10)

(11)

where wi,j denotes the element of W in the ith row and jth
column. The iteration matrix BN of Neumann-based algorithm
can be presented as BN = D−1 (L + LT ) = D−1 W − INt . It has
been proved that Neumann-based algorithm can converge when
Nr is much larger than Nt (e.g., Nr /Nt = 32 [15]). However,
for a more realistic system, it cannot converge fast and only a
marginal reduction in complexity can be achieved.
To solve this problem, in this paper, we propose a lowcomplexity SOR-based algorithm by utilizing the special property that the MMSE filtering matrix is symmetric positive
definite for indoor optical MIMO systems, as proved by the
following Lemma 1.

(12)

which indicates that the MMSE filtering matrix W is symmetric. Meanwhile, for indoor optical MIMO systems with imaging
receiver, the channel matrix H has full column rank [4], i.e., the
equation Hq = 0 has an unique solution, which is the Nt × 1
zero vector. Thus, for any Nt × 1 non-zero real-valued vector r,
we have
rT Wr = rT (G + σ 2 INt )r > 0,

A. Signal Detection Algorithm Based on SOR Method

ŝN

Lemma 1: For indoor optical MIMO systems using imaging
receiver, the MMSE filtering matrix W is symmetric positive
definite.
Proof: As all the elements of the channel matrix H are
real for the IM/DD optical MIMO systems, the transpose of
matrix and the conjugate transpose of matrix will be the same,
e.g., G = HH H = HT H. Then, we have

(13)

which implies that W is positive definite. Considering (12)
and (13), we can conclude that the MMSE filtering matrix

W = G + σ 2 INt (7) is symmetric positive definite.
The special property that the MMSE filtering matrix W for
indoor optical MIMO systems is symmetric positive definite
inspires us to exploit the SOR method to efficiently solve (6)
with low complexity. The SOR method is used to solve the
N-dimension linear equation Ax = b, where A is the N × N
symmetric positive definite matrix, x is the N × 1 solution
vector, and b is the N × 1 measurement vector. Unlike the
traditional method that directly computes A−1 b to obtain x, the
SOR method can efficiently solve the linear equation Ax = b
in an iterative manner without the complicated matrix inversion
[16]. Since the MMSE filtering matrix W is also symmetric
positive definite for indoor optical MIMO systems as proved
in Lemma 1, we can utilize the SOR method to estimate the
transmitted signal vector s as below





1
1
(i+1)
T
− 1 D − L ŝ(i) , (14)
= ŷ +
L + D ŝ
γ
γ
where the definitions of D, L, and LT are the same as that in (9),
γ represents the relaxation parameter, which plays an important
role in the convergence and the convergence rate as will be discussed in the following Section III-B and Section III-C, respectively, ŝ(0) denotes the initial solution, which is usually set as
an Nt × 1 zero vector without loss of generality due to no priori
information of the final solution is available [16]. Such initial
solution will not affect the convergence of the proposed SORbased algorithm as we will prove in the following Lemma 2.
Consequently, the final accuracy will also not be affected by
the initial solution if the number of iterations i is relatively
large (e.g., i = 4 as will be verified later by simulation results
in Section IV).
B. Convergence Proof
Lemma 2: For indoor optical MIMO systems, SOR-based algorithm is convergent, when the relaxation parameter γ satisfies
0 < γ < 2 for any initial solution.
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−1

1
T
Proof: We define BS = L + γ1 D
γD−D−L
as the iteration matrix of SOR-based algorithm, and d =

L + γ1 D
written as

−1

ŷ. Then SOR-based algorithm (14) can be reŝ(i+1) = BS ŝ(i) + d.

(15)

We call the iteration procedure is convergent if the generated
sequences {ŝ(i) } (for i = 0, 1, 2, · · · ) converge for any initial
vector ŝ(0) . It follows that if (15) converges, we have lim ŝ(i) =

1907

Substituting (23) into (16), we can assert that ρ(BS ) < 1, so
SOR-based algorithm (14) is convergent.

It is worth pointing out that another different proof of
Lemma 2 can be found in [23, Theorem 11.2.3], which utilizes
the orthogonal transformation with high complexity to obtain
the convergence proof, while our method directly exploits the
definition of eigenvalue, which is simpler than the existing
method [23].
C. Convergence Rate Analysis

i→∞

ŝ, then ŝ satisfies ŝ = BS ŝ + d, and hence ŝ is the final solution,
i.e., the detection result of MMSE algorithm (6).
The spectral radius of the iteration matrix BS ∈ RNt ×Nt
is defined as the non-negative number ρ(BS ) = max |λn |,
1≤n≤Nt

where λn denotes the nth eigenvalue of BS . The necessary and
sufficient conditions for the convergence of (15) is that the
spectral radius ρ(BS ) should satisfy [16, Theorem 7.2.2]
ρ(BS ) = max |λn | < 1.
1≤n≤Nt

According to the definition of eigenvalue, we have

−1 

1
1
BS r = L + D
D − D − LT r = λn r,
γ
γ

(16)

(17)

(19)

Then we take transpose on both sides of (19), and another
equation can be obtained as




1
1
T
T
T
r
D − D − L r = λn r L + D r.
(20)
γ
γ
Note that D = DT as D is a diagonal matrix. Add (19) and (20)
will lead to





2
2
T
T
T
T
− 2 D − L − L r = λn r L + L + D r.
r
γ
γ
(21)
Substituting (9) into (21), we have


2
− 1 rT Dr = (1 + λn )rT Wr.
(1 − λn )
(22)
γ
Since the MMSE filtering matrix W is positive definite as
proved in Lemma 1, the diagonal matrix D is positive definite,
too. Then we have rT Dr > 0 and rT Wr > 0. Besides, we also
have γ2 − 1 > 0 if 0 < γ < 2. Thus, we can conclude that
(1 − λn )(1 + λn ) > 0, which means
|λn | < 1.

ŝ(i+1) − ŝ = BS ŝ(i) − ŝ = · · · = BS(i+1) ŝ(0) − ŝ ,

(24)

−1

where r is the Nt × 1 corresponding eigenvector. Note that (17)
can be also presented as




1
1
T
D − D − L r = L + D λn r.
(18)
γ
γ
Multiply both sides of (18) by rT will yield




1
1
T
T
T
D − D − L r = λn r L + D r.
r
γ
γ

In this part, we first prove that SOR-based algorithm with
the optimal relaxation parameter can achieve a faster convergence rate than Neumann-based algorithm [15]. After that, we
propose a simple quantified relaxation parameter independent
of the receiver location and SNR, which can still guarantee the
performance of SOR-based algorithm.
From (14), we can observe that the approximation error
induced by SOR-based algorithm can be presented as

(23)

1
T is the iteration mawhere BS = L + γ1 D
γD−D−L
trix of SOR-based algorithm. Without loss of generality, we can
utilize the 2-norm to evaluate the approximation error as [16]

 



 (i+1)

 (i+1)  

− ŝ = BS  ŝ(0) − ŝ .
(25)
ŝ
2

F

2

Since ŝ(0) − ŝ2 is a constant parameter independent of the
number of iterations i after the initial solution ŝ(0) has been
selected as a zero-vector, we can observe from (25) that the
convergence rate achieved
by SOR-based algorithm is mainly

 (i+1) 
affected by BS  .
F




According to the definition of BS , BS(i+1)  is heavily
F
related to the relaxation
parameter
γ , so there exists an optimal


 (i+1) 
γopt to minimize BS  , or equivalently maximize the conF
vergence rate as shown in (25). However,
it is not easy to derive

 (i+1) 
a close-form relationship between BS  and γ . To solve
F
this problem, we convert this difficult optimization problem
into an equivalent
one
 that is easier to be handled by exploiting

 (i+1) 
the fact that BS  ≈ ρ (i+1) (BS ), where i is relatively large
F
and ρ(BS ) = max |λn | is the spectral radius of the iteration
1≤n≤Nt

matrix BS [16]. Then, to achieve the fastest convergence rate
will be equivalent to achieve the smallest ρ(BS ) by selecting
the optimal relaxation parameter γopt as
γopt = arg min ρ(BS ),
0<γ <2

s.t.


−1 

1
1
D − D − LT .
BS = L + D
γ
γ

(26)

Here, we first derive the solution to (26) by assuming the
channel is a Rayleigh fading channel. Then, we provide the
analysis to show that similar results still hold for indoor
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large-scale optical MIMO systems. After that, a simple yet
efficient selection of the relaxation parameter γ is proposed.
For large-scale MIMO systems in Rayleigh fading chanNt (e.g., Nr /Nt = 16 [24]), so the
nels, we usually have Nr
column vectors of the channel matrix H are asymptotically
orthogonal according to the random matrix theory [25], leading
to the MMSE filtering matrix W = G + σ 2 INt (7) to be a
diagonal dominant matrix. For such systems, it has been proved
in [26] that the spectral radius ρ(BS ) of the iteration matrix BS
satisfies
(ρ(BS ) + γ − 1)2 = γ 2 ρ 2 (BN )ρ(BS ),

(27)

where ρ(BN ) is the spectral radius of the iteration matrix BN of
Neumann-based algorithm (8). Note that for large-scale MIMO
systems in Rayleigh fading channels, we have ρ(BN ) < 1 [15].
Then, by combining (26) and (27), we can obtain the optimal
relaxation parameter γopt as
γopt = 

2
1 − ρ 2 (BN ) + 1

.

(28)

Substituting (28) into (27), we can attain the optimal spectral
radius ρ(BS ) as ρ(BS ) = γopt − 1. Based on (28), we can also
conclude that SOR-based algorithm with the optimal relaxation
parameter γopt enjoys a faster convergence rate than Neumannbased algorithm as will be proved by the following Lemma 3.
Lemma 3: For large-scale MIMO systems in Rayleigh fading
channels, SOR-based algorithm with the optimal relaxation
parameter γopt enjoys a faster convergence rate than Neumannbased algorithm, i.e., ρ(BS ) < ρ(BN ).
Proof: Based on the analysis above, when γ = γopt is
selected, we have
2
− 1,
ρ(BS ) = 
2
1 − ρ (BN ) + 1

(29)

where 0 < ρ(BN ) < 1. To prove ρ(BS ) < ρ(BN ), we can
first
 consider two functions of ρ(BN ). The first one is f1 =
1 − ρ 2 (BN ), which can be regarded as the point on the unit
circle in the Cartesian coordinate system. The second one is
2
− 1, which can be interpreted as the point on
f2 = 1+ρ(B
N)
a hyperbolic curve. Since 0 < ρ(BN ) < 1, we can assert that
f2 < f1 , then the following inequality can be drawn
2
ρ(BS ) = 
− 1 < ρ(BN ).
2
1 − ρ (BN ) + 1

Fig. 3. The receiver is located at different places R1, R2, R3, and R4 within
the room.

(30)


Next, we try to quantify the optimal relaxation parameter
γopt . Note that for large-scale MIMO systems in Rayleigh fading channels, the diagonal matrix D can be well approximated
by (Nr + σ 2 )INt , and the largest eigenvalue of the MMSE

2
√
filtering matrix can be estimated as Nr 1 + Nt /Nr + σ 2
with a small error [25]. Then, we can conclude that
√
Nr (1 + Nt /Nr )2 + σ 2
ρ(BN ) ≈
−1
Nr + σ 2

≈ (1 + Nt /Nr )2 − 1,
(31)

where the second approximation is valid due to the fact that
Nr is usually much larger than the noise power σ 2 . Then,
substituting (31) into (28), we have
γ̄opt = √

2
1 − a2 + 1

,

(32)

√
where a = (1 + Nt /Nr )2 − 1, and γ̄opt is the quantified value
of the optimal relaxation parameter γopt with a negligible error.
Next, we consider indoor large-scale optical MIMO systems with imaging receivers. For such systems as described in
Section II, it can still be guaranteed that the column vectors of
the channel matrix H are asymptotically orthogonal by carefully designing the image lens of the receiver [19], [27], even
for the system where Nr /Nt is not very large and the position of
the receiver is near the room edges. Therefore, the conclusions
including (28) and Lemma 3 still hold for indoor large-scale
optical MIMO systems. Moreover, for the same dimension of
MIMO system where Nr /Nt is not very large, the indoor largescale optical MIMO channel with imaging receivers can be designed to be more close to the preferred column orthogonality.
Then, the elements of the diagonal matrix D will be larger,
while the elements of the strictly lower triangular matrix L will
be smaller. Therefore, we can conclude that ρ(BN ) can be upper
bounded by the deterministic parameter a in (32) as ρ(BN ) < a.
As a result, based on (28), the optimal relaxation parameter γopt
for the indoor large-scale optical MIMO systems is limited to
the range 1 < γopt < √ 2 2 . Since Nr is usually larger than
1−a +1

Nt , e.g., Nt × Nr = 16 × 144 [4], the upper bound √

2
1−a2 +1

of

γopt is close to 1. Then, an appropriate γ can be simply chosen as


2
1
1+ √
.
(33)
γ =
2
1 − a2 + 1
Note that the optimal relaxation parameter γopt in realistic
systems will be influenced by SNR and the receiver location.
However, based on the analysis above, we can observe that
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Fig. 4. Comparison between the proposed γ and the optimal γopt where Nt ×
Nr = 16 × 144, and the receiver is located at different places R1, R2, R3, and
R4 within the room.

such influence is negligible. To verify this conclusion, we locate
the receiver at different places within the room as illustrated in
Fig. 3, and Fig. 4 shows the comparison between the proposed γ
(33) and the optimal γopt (28) when the receiver is located at R1,
R2, R3, and R4, respectively. We can observe from Fig. 4 that
the gap between γopt and γ is within 0.1 in the whole SNR
range, and it becomes smaller with the increasing SNR. This
indicates that the proposed γ (33), which is independent of SNR
and the receiver location, is very close to γopt , especially when
SNR is high. It’s worth pointing out that the small difference
between γopt and γ can only induce a little larger number of
iterations for SOR-based algorithm to converge, which will be
demonstrated by simulation results in Section IV. Therefore,
the complexity will be only slightly increased, and the overall
complexity is still much lower than Neumann-based algorithm
and the classical MMSE algorithm as shown in the following
Section III-D.
D. Computational Complexity Analysis
Since the computational complexity is dominated by multiplication and division operations, in this part, we evaluate the
complexity in terms of required number of multiplications and
divisions.
It can be found from (14) that the computational complexity
of the ith iteration of SOR-based algorithm originates from
solving the linear equation. Considering the definition of D and
L in (10) and (11), the solution can be presented as
(i+1)
(i)
= (1 − γ )ŝm
ŝm

+

γ
wm,m


ŷm −

m, k = 1, 2, · · · , Nt ,


k<m

(i+1)
wm,k ŝk

−




(i)
wm,k ŝk

,

k>m

(34)
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Fig. 5. Comparison of the computational complexity in terms of required
number of multiplications.

(i)

(i+1)

where ŝm , ŝm , and ŷm denote the mth element of ŝ(i) , ŝ(i+1) ,
and ŷ in (6), respectively, and wm,k denotes the mth row and
kth column entry of W. The required number of multiplica
(i)
(i+1)
γ
(ŷm −
wm,k ŝk
−
tions to compute (1 − γ )ŝm and wm,m
k<m

(i)
wm,k ŝk ) is 1 and Nt + 1, respectively. Therefore, the comk>m

putation of each element of ŝ(i+1) only requires Nt + 2 times of
multiplications. Since there are Nt elements in ŝ(i+1) , the overall
required number of multiplications by the proposed SOR-based
algorithm is i (Nt2 + 2Nt ). In contrast, we can observe from
(8) that Neumann-based algorithm has the overall complexity
O(Nt2 ) when i = 2 but O((i − 2)Nt3 ) when i ≥ 3 [15]. Besides,
from (8) and (34), we can also observe that both SOR-based
and Neumann-based algorithms are required to compute the
diagonal matrix D−1 . Thus, both algorithms involve Nt times of
divisions, which is much lower than O(Nt2 ) required by MMSE
algorithm with exact matrix inversion.
Fig. 5 compares the computational complexity in terms
of required number of multiplications between the recently
proposed Neumann-based algorithm [15] and our SOR-based
algorithm, whereby the classical MMSE algorithm with exact
matrix inversion is also included as a baseline for comparison.
We can conclude from Fig. 5 that Neumann-based algorithm
has lower complexity than MMSE algorithm when i ≤ 3, especially when i = 2 with the complexity O(Nt 2 ). However,
when i ≥ 4, its complexity is even higher than that of MMSE
algorithm. To ensure the approximation performance, usually
a large value of i is required (as will be verified later in
Section IV). This means the overall complexity of Neumannbased algorithm is almost the same as that of MMSE algorithm,
although it requires a much smaller number of divisions, which
is preferred for hardware implementation. In contrast, we can
observe that the proposed SOR-based algorithm requires the
same number of divisions as that of Neumann-based algorithm,
and its complexity is O(Nt 2 ) for an arbitrary number of iter-
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TABLE I
P ERCENTAGE OF C OMPLEXITY C OMPARED W ITH MMSE A LGORITHM

ations. Table I shows the percentage of complexity of SORbased and Neumann-based algorithms compared with MMSE
algorithm. We can observe that the proposed SOR-based algorithm can reduce the complexity by one order of magnitude
since it can converge with a small number of iterations, as will
be verified in Section IV. Moreover, as shown in Fig. 5 and
Table I, larger dimension of MIMO systems will lead to a
more significant reduction in complexity, which means that the
proposed SOR-based algorithm with low complexity is quite
suitable for indoor large-scale optical MIMO systems.
Additionally, we can observe from (34) that the compu(i+1)
utilizes ŝk(i+1) for k = 1, 2, · · · , m − 1 in the
tation of ŝm
current (i + 1)th iteration and ŝl(i) for l = m, m + 1, · · · , Nt
in the previous ith iteration. Then, two other benefits can be
(i+1)
expected. Firstly, after ŝm
has been obtained, we can use it
(i)
to overwrite ŝm , which is useless in the next computation of
(i+1)
ŝm+1 . Consequently, only one storage vector of size Nt × 1 is
required; Secondly, the solution to (14) becomes closer to the
(i+1)
final solution ŝ with an increasing i, so ŝm
can exploit the
(i+1)
elements of ŝk
for k = 1, 2, · · · , m − 1 that have already
been computed in the current (i + 1)th iteration to produce
more reliable result than Neumann-based algorithm [15], which
only utilizes all the elements of ŝ(i) in the previous ith iteration.
Thus, the required number of iterations to achieve certain
detection accuracy becomes smaller. Based on these two special
advantages, the overall complexity of the proposed SOR-based
algorithm can be reduced further.
IV. S IMULATION R ESULTS
To evaluate the performance of the proposed SOR-based
algorithm, we provide the BER simulation results compared
with the recently proposed Neumann-based algorithm [15].
The BER performance of the classical MMSE algorithm with
complicated but exact matrix inversion is also included as the
benchmark for comparison. We consider the typical indoor
large-scale optical MIMO with Nt × Nr = 16 × 144. For simplicity but without loss of generality, the modulation scheme
of non-return to zero on-off keying (NRZ-OOK), which has
been usually considered for wireless optical communications
[3]–[5], is adopted. The channel model described in Section II
is considered here, and the parameters used for simulation are
summarized in Table II.
Fig. 6 shows the BER performance comparison between
SOR-based algorithm with the optimal relaxation parameter
γopt and the proposed relaxation parameter γ (33), where the
receiver is located at R1 as shown in Fig. 3, and i denotes
the number of iterations. We can observe from Fig. 6 that

TABLE II
PARAMETERS FOR I NDOOR O PTICAL MIMO

Fig. 6. BER performance of SOR-based algorithm with the optimal γopt and
the proposed γ , where Nt × Nr = 16 × 144 and the receiver is located at R1.

the optimal relaxation parameter γopt can guarantee a faster
convergence rate than the proposed relaxation parameter γ .
However, the difference of convergence rate is not obvious,
since the proposed γ only induced one more iteration to converge, i.e., i = 3 for γopt and i = 4 for γ . Therefore, when we
use the proposed γ instead of γopt which varies with the receiver
location and SNR, the complexity for signal detection will
be only slightly increased, and the overall complexity is still
much lower than Neumann-based algorithm and the classical
MMSE algorithm as analyzed in Section III-D. This implies
that we can still choose the proposed γ , which is simple and
independent of the receiver location and SNR, to ensure the
reliable performance in practice.
Fig. 7 shows the BER performance comparison between
Neumann-based algorithm [15] and the proposed SOR-based
algorithm in an Nt × Nr = 16 × 144 large-scale optical MIMO
system, where the receiver is located at R1 and the proposed
γ is used. It is clear that when the number of iterations is
small (e.g., i = 2), Neumann-based algorithm cannot converge,
leading to the obvious loss in the BER performance, while
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Fig. 7. BER performance comparison in an Nt × Nr = 16 × 144 large-scale
optical MIMO system, where the receiver is located at R1 and the proposed γ
is used.
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when the receiver moves towards the room edges, all of the
BER performance of MMSE, SOR-based and Neumann-based
algorithms becomes worse. This is caused by the fact that
when the receiver moves outwards, its distance and the angle
of incidence to most LED arrays become large, leading to
the reduced received signal power and the deteriorated BER
performance. Meanwhile, the convergence rate of SOR-based
algorithm is also slightly affected, since the optimal relaxation
parameter will be a little different when the receiver location is
changed as shown in Fig. 4. However, the proposed SOR-based
algorithm can still converge with a small number of iterations
even when the receiver is located at the room edges (i.e., i = 4
for both R1 and R3 to ensure the near-optimal performance),
while Neumann-based algorithm can hardly converge when
the receiver moves outwards. That indicates that the proposed
SOR-based algorithm is more robust to the variation of receiver
location.
Additionally, as it has been verified that MMSE algorithm
can approach the performance of the optimal ML algorithm
in large-scale MIMO systems [6], while the simulation results demonstrate that the proposed SOR-based algorithm can
achieve the exact performance of MMSE algorithm with a
small number of iterations, i.e., i = 4 in Figs. 7 and 8, we can
infer that the proposed SOR-based algorithm can approach the
same diversity order of the optimal ML algorithm as has been
analyzed in [28].
V. C ONCLUSION

Fig. 8. BER performance comparison in an Nt × Nr = 16 × 144 large-scale
optical MIMO system, where the receiver is located at R3 and the proposed γ
is used.

SOR-based algorithm can achieve much better performance.
As the number of iterations increases, the BER performance
of both algorithms improves. However, when the same iteration
number i is used, the proposed SOR-based algorithm outperforms Neumann-based algorithm. For example, when i = 3,
the required SNR to achieve the BER of 10−6 by SOR-based
algorithm is 24.8 dB, while Neumann-based algorithm requires
the SNR of 27 dB.
Fig. 8 shows the BER performance comparison in an Nt ×
Nr = 16 × 144 large-scale optical MIMO system, where the
receiver is located at R3 as shown in Fig. 3 and the proposed
γ is used. Comparing Figs. 7 and 8, we can observe that

In this paper, we have proposed a low-complexity signal
detection algorithm based on SOR method, which can achieve
the near-optimal performance of the classical MMSE algorithm
without complicated matrix inversion. We have analyzed the
performance of SOR-based algorithm from three aspects. At
first, we proved that SOR-based algorithm is convergent when
the relaxation parameter γ satisfies 0 < γ < 2. Then we proved
that SOR-based algorithm with the optimal relaxation parameter can achieve a faster convergence rate than Neumann-based
algorithm. At last, we proposed a simple quantified relaxation
parameter independent of the receiver location and SNR to
guarantee the performance of SOR-based algorithm in practice.
It is shown that SOR-based algorithm can reduce the complexity from O(Nt 3 ) to O(Nt 2 ). Simulation results demonstrate
that the proposed SOR-based algorithm can achieve the exact
performance of the classical MMSE algorithm with a small
number of iterations, i.e., i = 4 for Nt × Nr = 16 × 144 largescale optical MIMO systems. Moreover, the idea of utilizing
the SOR method to efficiently realize matrix inversion with low
complexity can be extended to other signal processing problems
involving matrix inversion, such as precoding in large-scale
optical MIMO systems.
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