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Abstract— The explosive growth of wireless traffic requires
revolutionary wireless communication techniques. The cloud
radio access network (C-RAN) is a solution to leverage the spatial
multiplexing gain by utilizing a number of antennas distributed
in a certain area. However, in most of the current literature,
due to the limited front-haul capacity, each remote radio head
(RRH) can use only a single antenna, and thus the total number
of antennas can be utilized are limited. In this work, we propose
a distributed baseband signal compressive quantization scheme
for the uplink of a multi-antenna C-RAN where each RRH uses
multiple antennas. At each RRH, the baseband signals of multiple
time instants are embedded into a vector with low dimension
using delay-and-add so that more bits can be allocated to each
value, and the quantization noise power caused by the front-haul
link capacity deficit is reduced. The delay-and-add operation is
low complexity that can be realized using basic buffering and
adding, and it does not require channel information in the RRHs.
Therefore, the low deployment cost feature of C-RAN is preserved. As a result, a large number of antennas can be utilized by
deploying a lot of multi-antenna RRHs, which provide rich spatial
diversity that assists the detection which happens in the baseband
units. In the symbol detection phase, the corresponding weight
vectors are designed to detect the symbols from the compressive
quantized baseband signal. A parallel interference cancellation
algorithm is proposed to further improve the accuracy of the
symbol detection. Numerical results show that the proposed
scheme is efficient in tackling the front-haul capacity challenge.
We also apply the proposed scheme to orthogonal frequencydivision multiplexing-based multi-antenna C-RAN, where we find
that the system can utilize larger bandwidth with limited fronthaul capacity. It facilitates the deployment of C-RAN based on
both 4G and 5G wireless communications.
Index Terms— Interference suppression, broadband communication, least mean square methods, antenna arrays, MIMO, data
compression, quantization.
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I. I NTRODUCTION
ITH the proliferation of new mobile devices and
applications, the demand for ubiquitous wireless
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services has increased dramatically in recent years. It has
been projected that by the year 2020, the volume of the
wireless traffic will rise to about 1000 times that of the
year 2010 [1]. This explosion of wireless traffic will be a
new challenge to wireless networks. In fact, people have
started to feel the impact in some places, such as at the
airport, conference and stadiums where it is difficult to
access the wireless network with hundreds of other devices
around.
To address the aforementioned challenge, many techniques
have been developed. In recent years, massive multiple-input
and multiple-output (massive MIMO) has drawn the attention
of researchers. Following the same idea of leveraging the
spatial multiplexing gain as the traditional MIMO, the massive MIMO utilizes a much larger number of antennas, and
some interesting features have been discovered, such as the
improved spectral efficiency and energy efficiency which can
be achieved by maximum ratio combining (MRC) in the
uplink or maximum ratio transmission (MRT) in the downlink [2], [3]. However, despite the advantages, the massive
MIMO is limited by a few bottlenecks. For example, due to the
limited separation between antennas, the channels are always
correlated, which undermines the advantages made possible
with massive antennas [4], [5].
With the same initiative of utilizing extra antennas,
another promising approach is the cloud radio access
network (C-RAN) [6]–[9] where multiple remote radio heads
(RRHs) are connected to a central baseband units (BBUs)
pool powered by high performance computing. In the uplink
transmission, instead of decoding the received symbols, each
RRH just performs the basic receptions and forwards the
baseband signal to the BBU pool for centralized processing.
In the C-RAN, the BBUs are able to utilize the multiple
antennas distributed in a certain area and work like a virtual
MIMO. Due to the centralized processing, the cooperation
between RRHs becomes much easier, and therefore the cell
edge coverage is improved. Moreover, the cost of deployment
is reduced since each RRH only needs the basic transmission
and reception functions. However, a major bottleneck is the
limited capacity of the front-haul link which connects the
RRH and the BBU pool [10]. Many works have been done
to alleviate the impact of the bottleneck in the C-RAN.
Several baseband signal compression methods are proposed
in [11]–[13] where the baseband signal is compressed before
transmitted through the front-haul links. Although baseband
signal compression can alleviate the traffic in the front-haul
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under certain cases, it introduces extra computation complexity
at the RRH side, which makes this approach less cost-effective.
An alternative solution is the sparse beamforming [14]–[16]
where each terminal device (TD) is associated with a cluster of
RRHs. However, the data rate in the front-haul link is related
to the cluster size, and a larger cluster requires a higher fronthaul link capacity [14]. As a result, the limited front-haul
link capacity makes it impossible to take full advantage of
the available spatial diversity. Ma et al. [17] explore to utilize
the time-reversal communication [18], [19] as the air interface
in order to alleviate the traffic load in the front-haul links
without incurring compression or decompression in the RRH.
Despite all the above efforts, the C-RAN is mostly utilizing
single antenna RRHs due to the limited front-hual capacity,
which limits the total number of available antennas.
We notice that if the total number of antennas is large,
the C-RAN works like a virtual massive MIMO, and many
nice properties of massive MIMO will apply. For example,
the massive antennas help focus the energy into smaller
region [20], such that more TDs can be accommodated efficiently. The nice properties of massive MIMO are essential
to the next generation of wireless communication systems.
However, in the current literature where each RRH always
uses a single antenna, the total number of antennas that can
be utilized is limited. Recently, motivated by the advantages
of massive antennas, the multi-antenna C-RAN is investigated [21]. Since the amount of baseband signal data in the
front-haul link is proportional to the number of antennas used
by the RRH, a spatial filtering method is designed in [22]
to compress the baseband signal in the uplink. However,
the design of the spatial filter is performed at the BBUs due to
the limited computation capability of RRHs, which brings a
lot of overhead in the already-tight front-haul links. Moreover,
the compression of the baseband signal using the spatial filter
involves massive multiplication operations, which brings up
the cost of each RRH.
Recall that in the massive MIMO, the MRT precoding [20]
and MRC receiver [23] are widely used in downlink and
uplink, respectively. In the uplink, the performance of the
low cost MRC receiver approximates the the matched filter
bound (MFB) detector [23]. It is due to the rich spatial diversity provided by the massive antennas. In the multi-antenna
C-RAN, the rich spatial diversity is also available due to the
fact that the total number of antennas is large. In this work,
we aim to leverage this rich spatial diversity to design low cost
but effective baseband signal processing schemes which can
facilitate the C-RAN tackle the front-haul capacity challenge
caused by using multi-antenna RRHs. Instead of elaborately
designed compressor, quantizer and decoder, we propose a
novel baseband signal compressive quantization at the RRH
side coupled with the weight vectors designed at the BBU
side. The compressive quantization consists of two phases: the
delay-and-add and the quantization. The delay-and-add simply
buffers the baseband signals of multiple time instants and
sums the delayed versions of them, which is then quantized
and transmitted to the BBUs through the front-haul link.
By the delay-and-add, the raw baseband signals from multiple
time instants are embedded in a vector with lower dimension
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compared with the direct concatenation, and more bits can
be allocated to each value in the quantization. As a result,
the quantization noise is mitigated. On the other hand, due
to the overlapping of baseband signals from multiple time
instants, extra interference is created. Unlike the quantization
noise, the interference has its own structure, and is easy to
mitigate and cancel out with the rich spatial diversity provided
by the massive antennas. In other words, different from general baseband signal compression algorithms, the compressive
quantization is tailored for the multi-antenna C-RAN where
massive antennas are available. In the BBU side, the linear
minimum mean square error (LMMSE) and MRC detectors are
designed to detect the symbols from the signal processed by
the RRHs using compressive quantization. To fully utilize the
computation power of the BBUs, a parallel interference cancellation algorithm is proposed to further reduce the influence
of interference. Moreover, we extend the proposed scheme to
an orthogonal frequency-division multiplexing (OFDM) based
multi-antenna C-RAN and find that the proposed scheme
helps the OFDM based multi-antenna C-RAN utilize larger
bandwidth with limited front-haul capacity. This extension is
applicable for C-RAN based on both OFDMA in 4G wireless
communications, as well as non-orthogonal multiple access
(NOMA) in 5G wireless communications. Numerical results
in various settings illustrate the effectiveness of the proposed
schemes.
The rest of the paper is organized as follows: in section II,
the system model is introduced. We propose and analyze the
compressive quantization scheme as well as the corresponding symbol detection schemes in section III. In section IV,
the proposed scheme is applied to the OFDM based multiantenna C-RAN. Numerical results are shown in section V
and section VI concludes the paper.
II. S YSTEM M ODEL
We consider the uplink communication of the cloud radio
access network (C-RAN). As shown in Fig. 1, a group of
N terminal devices (TDs) are distributed in an area and they
work in the same band. Each TD transmits the signal, which is
received by M remote radio heads (RRHs) distributed in the
same area. All the RRHs periodically report the received baseband signal to the baseband unit (BBU) pool through fronthaul links with limited capacity. Without loss of generality,
we assume the i-th RRH is equipped with Qi antennas where
Qi > 1, and each TD is equipped with single antenna.
In this work, we assume that the instant channel state
information (CSI) is available at the BBUs through channel
estimation prior to the uplink transmission. The channel estimation is periodically performed for each TD to update the
out-of-date CSIs. The channel impulse response between the
(1)
(2)
(Q )
i-th RRH and the j-th TD is hi,j = [hi,j , hi,j , · · · , hi,j i ]T
(m)
where hi,j is the channel impulse response between the m-th
antenna of RRH i and TD j.
In the uplink transmission, all the RRHs periodically report
the received baseband signal to BBUs and the BBUs are
responsible for detecting the symbols transmitted by the TDs
using the received signal. The signal received by the ith RRH
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Fig. 2.
Fig. 1.

The System Model.

at time instant t can be represented as
yi,t = Hi xt + ni,t

(1)

where xt ∈ CN ×1 is the vector containing the intended
symbols of all the TDs at time t, ni,t ∈ CQi ×1 is the additive
white gaussian noise (AWGN) received by RRH i at time t.
The matrix Hi of size Qi × N is
Hi = [hi,1 , hi,2 , · · · , hi,N ].

(2)

As shown in (1), the dimension of the baseband signal
yi,t increases as more antennas are used at each RRH. The
baseband signals transmitted directly through the front-haul
links will suffer from severe quantization noise. Let the
capacity of the front-hual link be Ci bits per second, and
the wireless bandwidth be J Hz. We analyze the quantization
noise under uniform quantization. The average number of bits
allocated to an individual value in yi,t is
Ci
Bi =
.
J · Qi

(3)

Typically, the distribution yi,t is close to complex Gaussian
distribution since each component is a summation of signal
transmitted from multiple TDs. Thus, the quantization noise
qi [k] can be approximated as a complex random variable
whose real and imaginary parts are uniformly distributed in
i
the range (− L2i , L2i ) where Li = 22K
bi −1 is the quantization
level [24] of the baseband signal of i-th RRH, bi = Bi /2
is the number of bits used to represent the real/imaginary
part of yi,t [k], and [−Ki , Ki ] is the dynamic range of the
real/imaginary part of yi,t [k].
By [24], the power of the quantization noise can be written
as
(Li )2
(Li )2
(Li )2
+
=
.
(4)
12
12
6
It can be seen from (3) and (4) that with limited fronthaul capacity, the number of bits allocated to each individual
value of yi,t [k] decreases as Qi increases, and in consequence
the quantization noise power increases. In other words, under
E[qi [k]2 ] =

An example of the delay-and-add phase with Qi = 8, Di = 2.

direct quantization, the limited front-haul capacity is the
main obstacle in transmitting the yi,t ’s to the BBUs. In the
next section, we will introduce the compressive quantization
scheme which is able to quantize yi,t ’s more efficiently so that
the signal fits the front-haul capacity.
III. C OMPRESSIVE Q UANTIZATION
AND S YMBOL D ETECTION
To tackle the aforementioned quantization noise problem,
in this section, we propose the distributed baseband signal
compressive quantization as well as the corresponding symbol
detection schemes. We will first introduce the compressive
quantization which happens in the RRH, and then the corresponding weight vectors that can be used to detect the
symbols from the compressive quantized baseband signal.
Finally, we propose a parallel interference cancellation algorithm which further improves the symbol detection accuracy.
A. Compressive Quantization
The frame based compressive quantization scheme consists
of the delay-and-add phase and the quantization phase. Let F
denote the frame length. In the delay-and-add phase, the yi,t ’s
obtained in t = 1, 2, · · · , F are buffered. As shown in Fig. 2,
instead of quantizing and transmitting yi,t to the BBUs at each
time instant, each yi,t is delayed for Di time instants from the
previous one. The vector zi is the summation of the delayed
versions of yi,t ’s. More specifically, zi can be written as
zi [k] =

F


ỹi,t [k]

(5)

t=1

where

⎧
⎪
⎨yi,t [k − (t − 1) · Di ], if (t − 1) · Di + 1
ỹi,t [k] =
≤ k ≤ (t − 1) · Di + Qi
⎪
⎩
0,
otherwise
(6)

To model the proposed compressive quantization scheme,
(eq)
we introduce the equivalent channel Hi
as


(eq)
(1)
(2)
(F )
(7)
Hi = H̃i , H̃i , · · · , H̃i
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where

⎞
0(r−1)Di ×N
⎠.
Hi
=⎝
0(F −r)Di ×N
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⎛

(r)

H̃i

(8)

The overlapped baseband signal zi can be written as
(eq) (eq)

zi = Hi

x

(eq)

+ ni

(9)
(eq)

= A ·
where x(eq) = [xT1 , xT2 , · · · , xTF ]T and ni
[nTi,1 , nTi,2 , · · · , nTi,F ]T . The noise transformation matrix A ∈
R(Qi +(F −1)Di )×(Qi F ) can be written as

and

A = [a1 , a2 , · · · , aF ]

(10)

⎞
0(k−1)Di ×Qi
⎠.
ak = ⎝ IQi ×Qi
0(F −k)Di ×Qi

(11)

⎛

The quantization phase follows the delay-and-add phase.
Uniform quantization is applied to each element in zi . More
specifically, the quantized signal z̃i can be represented as
(CQ)

z̃i = zi + qi

(eq) (eq)

= Hi

x

(eq)

+ ni

(CQ)

+ qi

(12)

(CQ)

where qi
is the quantization noise caused by compressive
quantization. In the following, we will show the quantization
noise is reduced by the proposed method.
The total length of vector zi containing the information of
yi,t ’s is Qi + (F − 1) · Di . Compared with the aggregation of
yi,t ’s of the length Qi ·F , the dimension of the vector is much
reduced. For instance, as in the example shown in Fig. 2 where
Qi = 8 and Di = 2, the number of components is reduced to
nearly 14 of the original value. As a result, with limited fronthaul capacity, more bits can be allocated to each individual
component. More specifically, similar to (3), we have
(CQ)

Bi

=

F · Ci
.
J · (Qi + (F − 1) · Di )

(13)

By (5), the distribution of zi is close to complex Gaussian
distribution as the elements in yi,t are approximated as complex Gaussian random variables. Similar to (4), the quantization noise power under the compressive quantization can be
written as
(CQ)

E[qi

[k]2 ] =

(CQ) 2

(Li

)

12

+

(CQ) 2

(Li

)

12

=

(CQ) 2

(Li

)

6

(14)

where
(CQ)

Li

=

(CQ)

2Ki

(15)
(CQ)
2Bi
is the quantization level under the compressive quantization
(CQ)
and Ki
is the dynamic range of zi [k].
Qi
In fact, zi [k] is formed by the summation of D
independent
i
(CQ)
(CQ)
components. While Ki
increases linearly with D1i , Bi
1
also increases linearly with Di by (13). In other words,
the numerator of (15) increases linearly while the denominator
(CQ)
decreases
increases exponentially. As a result, the Li

Fig. 3. An example of the DSP circuit for compressive quantization with
Qi = 8, Di = 2.

with D1i and the quantization noise power is reduced as well
by (14).
In summary, in the proposed compressive quantization
scheme, the baseband signals from multiple time instants
are first reduced into a lower dimension vector using the
delay-and-add and then quantized. Because of the reduction
in dimension, more bits can be allocated to each individual
value in quantization, and the quantization noise power is
reduced. On the other hand, due to the reduction of dimension,
the independent baseband signals of multiple time instants are
overlapped together, which creates some additional interference and makes the detection of the symbols more difficult.
The parameter Di in the proposed scheme can be tuned to balance the quantization noise power and the interference power.
Since the length of zi is Qi + (F − 1) · Di , with smaller Di ,
the raw baseband signals are densely overlapped together,
which creates much interference while significantly reduces
the quantization noise power. With larger Di , the reduction
in quantization noise power is not so aggressive, while the
extra interference created by the compressive quantization is
also mild. In next subsection, we will propose weight vector
designs to detect the symbols from the compressive quantized
baseband signals.
Before we introduce the weight vectors that are used in the
BBUs to detect the symbols, it is worth analyzing the complexity of the compressive quantization in the RRHs. By (5),
the delay-and-add does not require the channel information,
which reduces the communication overhead between the BBUs
and the RRHs since the channel information is obtained in the
BBUs. This is a desirable feature in the C-RAN since the
front-haul link capacity is usually the bottleneck limiting
the performance of the system. Moreover, as an example
shown in Fig. 3, the processing in the RRHs only involves
buffering and adding without multiplying, which can be easily
implemented using low cost hardware. It enables the RRH to
compress the baseband signal from multiple antennas without
complicated processing, which preserves the advantages of the
C-RAN system that the RRHs are cheap and can be deployed
with low cost.
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B. The Weight Vector Design

where Λ is a diagonal matrix with Λi,i =

As introduced in last subsection, each RRH processes the
baseband signal using compressive quantization and transmits
them to the BBUs via the front-haul links with limited
capacity. The BBUs collect the baseband signals transmitted
by each RRH and detect the intended symbol of each TD.
In this subsection, two weight vector designs are proposed to
detect the intended symbols from the compressive quantized
baseband signals.
The aggregate of the baseband signal from all the RRHs
collected at the BBUs can be written as

(eq)
hi

[z̃T1 , z̃T2 , · · ·
(eq) (eq)

z̃ =
=H

x

, z̃TM ]T
(eq)

+n

x̂(eq) [s] = wsH z̃


= wsH H(eq) x(eq) + n(eq) + q

(16)

W

(eq)

where x̂

E[x̂(eq) − x(eq) 2 ]

= Wz̃. The solution to (17) can be written as [25]

W(LMMSE)
(eq)
(eq)  −1 (eq) −1
=[Σx −Σx (H(eq) ) Σ−1
(Σ−1
) Σe H ) ]
e H
x +(H
(18)

where Σx = E[x(eq) · (x(eq) ) ], Σe = E[(n(eq) + q(CQ) ) ·
(n(eq) + q(CQ) ) ]. Since n(eq) and q(CQ) are independent,
Σe = E[(n(eq) ) · (n(eq) ) ] + E[q(CQ) · (q(CQ) ) ].
The error covariance matrix for estimating x(eq) using
W(LMMSE) can be written as

k=1

+

[k]

N
∗F




(eq)
hk x(eq) [k]

k=i∗F +1

+ wsH

i∗F


(eq) (eq)

hk

x


[k] + wsH n(eq) +q

k=(i−1)F +1
k=s

(21)
where wsH is the s-th row of W, which can be either
W(LMMSE) or W(MRC) . The first term in the last equality
of (21) is the intended signal, the second term is intertransmission interference (ITI) that caused by the transmission of other time instants, the third term is the inter-user
interference (IUI) that caused by the symbols transmitted by
other TDs at the same time instant, and the last term is noise
which is the sum of the received AWGN and the quantization
noise.
The signal power can be written as
x(eq) [s]2 ]
Psig = EX [wsH h(eq)
s

Σd = Σx −Σx (H(eq) ) (H(eq) Σx (H(eq) ) +Σe )−1 H(eq) Σx .

= αs wsH hs(eq) 2

(19)
Qi
Recall that zi [k] is a summation of D
independent random
i
variables from yi,t . Each component in yi,t approximates
Gaussian distribution due to it’s the summation of signals
transmitted from N TDs through independent channels. If both
Qi
Di and N are not big enough, the quantization noise power
obtained in (14) which relies on the Gaussian assumption is
less accurate. The W(LMMSE) obtained in (18) also loses
part of the optimality.
By (18), the calculation of W(LMMSE) becomes difficult
as the number of antennas increases. Under this condition,
similar to that in the massive MIMO, some simple weight
vector design such as maximum-radio combining (MRC) is
effective. The MRC weight vector design is

W(MRC) = Λ · (H(eq) )

x

(17)

k=1

· (H(eq) ) Σ−1
e

(eq) (eq)

hk

= wsH hs(eq) x(eq) [s]
⎛
(i−1)∗F

(eq)
+ wsH ⎝
hk x(eq) [k]

Without loss of generality, in the rest of the paper,
we assume that Di = D for i ∈ {1, 2, · · · , N }, while the
analysis can be easily extended to the case that the RRHs use
different Di ’s. The BBUs use weight vectors to combine the
elements of z so as to optimally detect the transmitted symbols
of all the TDs. In this work, we first determine the optimal
weight vectors WLMMSE to minimize the mean square error
(MSE) of the detection. The problem can be formulated as
min

N
∗F

k=1
k=s


+ wsH n(eq) + q

(eq)
(eq)
(eq)
where H(eq)
=
[(H1 )T , (H2 )T , · · · , (HM )T ]T ,
(eq)
(eq)
(eq)
n(eq) = [(n1 )T , (n2 )T , · · · , (nM )T ]T , q(CQ) =
(CQ) T
(CQ) T
(CQ) T T
[(q1
) , (q2
) , · · · , (qM ) ] .

N


(20)

and

is the i-th column of H(eq) .
To gain a better understanding of the performance of the
symbol detection, let x[s] denote the symbol transmitted by
the TD i at time j, i.e., s = (j − 1) ∗ F + i. The x̂(eq) [s] can
be written as

= wsH hs(eq) x(eq) [s] + wsH
+ q(CQ)

1

(eq) 
(eq)
) ·hi

(hi

(22)

where αs = E[x(eq) [s]2 ] is the power of x(eq) [s]. In this
work, we assume that the transmitting power of all the
symbols αs ’s are predetermined before the transmission and
the information is available in the BBUs.
Accordingly, the power of the ITI and the IUI can be written
as
Piti

 ⎛
⎞2


N
∗F


 H (i−1)∗F
(eq) (eq)
(eq) (eq) ⎠
]
⎝
=EX [
h
x
[k]
+
h
x
[k]
w
k
k
 s



k=1
k=i∗F +1
(i−1)∗F

=



k=1

(eq) 2

αk wsH hk

 +

N
∗F

k=i∗F +1

(eq) 2

αk wsH hk



(23)
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Fig. 4.
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The ITI and IUI power decrease as more antennas are available.

and
Piui


2




i∗F

 H

(eq) (eq)

= EX [ws
hk x [k]
 ]


k=(i−1)F
+1


k=s
=

i∗F


(eq) 2

αk wsH hk

 .

(24)

k=(i−1)F +1
k=s

power and IUI power diminishes for different D’s using the
(CQ)
does
LMMSE weight vectors. Moreover, since Qi and Bi
not change for each RRH, the quantization noise power does
not increase according to (14) and (15). As a result, the SINR
in (26) is improved. In other words, the proposed compressive
quantization scheme transforms the quantization power into
interference power, which can be tackled in the BBUs by
the corresponding weight vectors, especially when there are
massive antennas available.

The power of the noise can be written as
C. The Parallel Interference Cancellation

Pnoise = E[wsH (n(eq) + q)2 ]
= wsH σe ws .

(25)

By combining (22) to (25), the SINR of the symbol x(eq) [s]
can be written as
Psig
SIN R =
.
(26)
Piti + Piui + Pnoise
From the analysis above, compared with the signal detection
using yi ’s, we can see extra interference ITI in (23) is created
by overlapping the baseband signal of multiple time instants,
which makes the detection of the symbol x(eq) [s] more difficult than using the original baseband signal. On the other
hand, by applying the compressive quantization, each individual value in zi is allocated more bits, and in consequence
the quantization noise power in (4) is reduced. Therefore,
the compressive quantization scheme reduces the quantization
noise power at the cost of introducing extra interference power.
In this work, since all the RRHs are equipped with multiple
antennas, the total number of antennas can be quite large, and
the C-RAN system is in essence a virtual massive MIMO.
In a massive MIMO system, it had been shown that when
more antennas are available, the channel information vectors
of multiple users are near orthogonal to each other, and the
interference power diminishes [2], [3]. This phenomenon is
also observed in this work. As shown in Fig. 4a and Fig. 4b
where Qi = 16 for i = 1, 2, · · · , M , we increase the total
number of antennas by deploying more RRHs. Both the ITI

In last subsection, we introduce the weight vectors to
detect the symbols transmitted by the TDs from the compressive quantized baseband signals. The weight vectors are
constrained in the linear domain. In this subsection, we go
one step beyond by using the parallel interference cancellation
method to further mitigate the interference, which is in the
non-linear domain.
Unlike the AWGN and the quantization noise, the interference terms in (23) and (24) have their own structures,
which can be further explored to improve the accuracy of the
detection. Since the channel information H(eq) is available
in the BBUs, the ITI and IUI can be reconstructed and
isolated from the intended signal if the relevant transmitted
symbols are available. More specifically, the symbols initially
detected by using the weight vectors are used to generate
the approximate interference terms in (23) and (24), which
are then subtracted from the original baseband signal in (21).
After that, the updated estimator is employed to detect each
symbol. In the following, the steps for the parallel interference
cancellation scheme will be introduced. Without loss of generality, we assume that transmitted symbols are modulated using
QPSK, while the proposed algorithm can be easily extended
to other modulations.
The initially detected symbol x̄(eq) [s] can be written as
x̄(eq) [s] = sign(Re(x̂(eq) [s])) + sign(Im(x̂(eq) [s])) ∗ j
(27)
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where x̂(eq) is obtained using either LMMSE or MRC weight
vectors.
Next, we generate the ITI and IUI cancellation vectors for
symbol x[s].
⎞
⎛
(i−1)∗F
N
∗F


(eq)
(eq)
(eq)
(eq)
hk x̄ [k] +
hk x̄ [k]⎠
IT I[s] = ⎝
k=1

k=i∗F +1

(28)
IU I[s] =

i∗F


(eq) (eq)

hk

x̄

[k]

(29)

k=(i−1)F +1
k=s

Since the ITI and IUI cancellation vectors only depend
on the initial detected symbols x̄(eq) , the calculation can be
done in parallel for each symbol x[s]. When the ITI and IUI
cancellation vectors are available, they are subtracted from the
orignal baseband signal, which can be written as
z̃(IC) [s] = z̃[s] − IT I[s] − IU I[s].

(30)

When z̃(IC) is obtained, the ITI and IUI are eliminated from
the original baseband signal1 z̃, and we can use the simple
MRC weight vector [26] to update the corresponding transmitted symbols. The updated estimated symbol x̂(eq,IC) [s] is
calculated as
x̂(eq,IC) [s] = ms z̃(IC)

(31)

(eq)

where ms = hs is the weight vector for symbol x(eq) [s].
The detected symbols are updated using x̂(eq,IC) . More specifically,
x̄(eq,IC) [s]
= sign(Re(x̂(eq,IC) [s])) + sign(Im(x̂(eq,IC) [s])) ∗ j.
(32)
The steps for the parallel interference cancellation based
symbol updating are summarized in Algorithm 1.
Algorithm 1 Parallel Interference Cancellation Based Symbol
Updating
1 Make the initial decision using (27)
2 Generate the approximate IUI and ISI terms
using (28) and (29)
3 Subtract the IUI and ISI terms from the original
baseband signal using (30)
4 Update the symbols using (31) and (32)
With this algorithm, we can further leverage the advantages
of the C-RAN architecture to improve the detection accuracy
of each symbol: the BBUs are empowered by high performance computing, and holds the necessary information that
enables us to perform the algorithm.
Looking at the overall compressive quantization and detection process, we can see it is tailored for the C-RAN architecture. As illustrated in Fig. 3, the compressive quantization
1 There are residue IUI and ISI power due to the errors in determining x̄(eq) ,
which can be ignored if the original BER is not too high.

happens at the RRH side, which is as simple as possible so
that the advantage of low deployment cost of the C-RAN
architecture is preserved. The receiver design and the parallel
interference happen in the BBUs where high performance
computing power and the necessary information are readily
available. The time complexity of the computing is dominated
by the design of LMMSE receiver, which is O(N 3 F 3 ). The
space complexity is dominated by the
Mmemory required to
store the H(eq) , which is O(N ∗ F ∗ i=1 Qi ).
When compared with the spatial filter method proposed
in [22], the compressive quantization has advantage in terms of
complexity. The RRH side uses the overlap and sum method,
which is O(n) complexity compared with the the spatial filter
where it’s O(n2 ) due to matrix multiplication. Moreover, since
the filter design is usually done in the BBU side, the spatial
filter causes additional overhead in the front-haul links. In the
BBUs, the complexity of both schemes are O(n3 ) due to
the matrix inversion in calculating the MMSE or LMMSE
estimators.

IV. A PPLICATION TO THE OFDM BASED C-RAN
In section III, we have proposed the compressive quantization algorithm which applies to the single tap channel. Due
to the rapid growth of demand for wireless communications,
larger bandwidth are being utilized. Typically, with larger
bandwidth, the traffic load in the front-haul link will increase
due to higher sampling rate. In this section, we apply the
proposed algorithm to the uplink of OFDM based C-RAN,
which significantly reduces the traffic load in the front-haul
links caused by increasing the bandwidth.
We consider the uplink of OFDM based multi-antenna
C-RAN where the TDs use OFDMA [27] to access the
wireless medium. Assume that all the TDs are equipped with
a single antenna while RRH i is equipped with Qi antennas
where Qi > 1. All the RRHs work in the same spectrum.
Each TD maps the symbols to the allocated subcarriers before
adding the cyclic prefix and transmitting them. Without loss
of generality, we assume that the transmitted signal is received
by all the RRHs.
Note that the OFDM based RRHs setting does not make
any assumption on the subcarrier allocations among TDs.
Therefore, it can work for both the orthogonal subcarrier
allocations such as OFDMA in 4G wireless communications,
as well as the non-orthogonal multiple access (NOMA) [28]
in 5G communications.
At the RRH side, for the baseband signal received by
each antenna, the cyclic prefix is removed and the fast
Fourier transform (FFT) is periodically performed. We define
a cycle as the time between two consecutive FFTs. As shown
in Fig. 5, after the FFT, the baseband signal of the same
subcarrier from all the antennas are collected in vi,c,t =
[vi,c,t [1], vi,c,t [2], · · · , vi,c,t [Qi ]]T where vi,c,t [k] denotes the
component in the subcarrier c of the k-th antenna of RRH i
at the t-th cycle.
By the special property of OFDM in transforming multipath channel into a number of equivalent interference-free
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Fig. 5.

An example of re-organizing the baseband signal with Qi = 8.

subchannels [29], vi,c,t [k] can be written as
⎡
⎤
gi,c,t [1]
⎢ gi,c,t [2] ⎥
⎢
⎥
vi,c,t = ⎢
⎥ xc + ni,c,t  gi,c,t xc + ni,c,t
..
⎣
⎦
.

(33)

where xc is the value transmitted in the subcarrier c, gi,c [k]
is the equivalent channel impulse response on subcarrier c
between the k-th antenna of RRH i and the TD which the
subcarrier is allocated to at cycle t. ni,c,t is the noise at RRH
i in subcarrier c at cycle t. It is shown that an equivalent
channel is established in the subcarrier c.
As the system utilizes larger bandwidth, there are more
subcarriers and thus more vi,c,t ’s are obtained at each cycle.
Directly transmitting them through the limited capacity fronthaul to the BBUs becomes difficult. To tackle this problem,
we apply the proposed compressive quantization and detection
scheme to the system. Instead of transmitting the baseband
signal vi,c,t ’s separately, we partition them into multiple
groups and apply the compressive quantization to the baseband
signals within each group. More specifically, let βr denote the
set of subcarriers in group r and the cardinality of βr is Nr ,
then we can calculate the baseband signal uri,t for the group
r of the i-th RRH at cycle t, which can be written as

uri,t =
vi,c,t
=



gi,c,t xc +

c∈βr


c∈βr

ni,c,t
⎡

⎢
⎢
= [gi,1,t gi,2,t · · · gi,Nr ,t ] ⎢
⎣

x1
x2
..
.
xNr

 Gi,t xt + ni,t .

Since (34) is equivalent to (1), the proposed compressive
quantization scheme can be applied to each group, and all
the subcarrier components can be recovered at the BBUs by
performing the weight vectors and the parallel interference
cancellation schemes for each group.
By applying the compressive quantization, the baseband
signals are reduced in both frequency and time domain. Compared with directly transmitting the baseband signals through
the front-haul links, the baseband signals corresponding to
different subcarriers do not need to be transmitted separately.
As a result, the traffic load in the front-haul links caused by
adopting larger bandwidth is less severe.
To illustrate this effect, we analyze the front-haul traffic
load for the proposed method. For RRH i, since the baseband
signal for each group is transmitted separately, we just analyze
the baseband signal for one group. Assume the bandwidth
utilized in the system is J Hz, which is corresponding to S
r
is
subcarriers. Then the rate of each baseband component vi,c,t
J
S
r
r
Hz,
i.e.,
the
separation
between
u
and
u
is
seconds.
i,t
i,t+1
S
J
Assume Ui bits are used for each individual value of the signal
reduced using delay-and-add, the group r of RRH i requires
(Qi + (F − 1)Di )Ui bits in SF
J seconds. Therefore, the traffic
load in the front-link is
(Qi + (F − 1)Di )Ui
Ci =
SF
J

gi,c,t [Qi ]

c∈βr
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⎤
⎥ 
⎥
ni,c,t
⎥+
⎦
c∈βr

(34)

(Qi + (F − 1)Di )Ui J
·
=
F
S
J
(35)
≈ Di Ui ·
S
where the approximation is due to the fact that the frame length
F is always much larger than Qi .
Typically, the number of subcarriers S increases with the
utilized bandwidth J and SJ keeps constant. Therefore, if Di
keeps constant, the traffic load in the front-haul link only
depends on Ui . If Ui also keeps constant, the traffic load in the
front-haul link keeps constant independent of the bandwidth J
adopted. In fact, when larger bandwidth is used, there are more
subcarriers in each group. As a result, more raw baseband
signal components are added together and the dynamic range
increases. Larger Ui is required for each value and the traffic
load in the front-haul link grows accordingly. However, as will
be shown in section V, Ui only increases slightly as J increase
to maintain good performance. Therefore, the proposed compressive quantization scheme facilitates the usage of larger
bandwidth in the OFDM based multi-antenna C-RAN system.
V. N UMERICAL R ESULTS
In this section, we use numerical results to illustrate the
effectiveness of the proposed scheme. We first evaluate the
performance of the proposed compressive quantization scheme
under the single tap channel model. It is shown that the
proposed scheme is better than existing schemes in tackling
the front-haul link capacity deficit. The performance gap
between LMMSE and MRC weight vectors are also investigated. It is shown that the gap decreases with more antennas
available or by performing the proposed parallel interference
cancellation scheme. We further evaluate the performance
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The Average SINR and MSE of C = 1.2 Gb/s.

of the proposed scheme to the OFDM based C-RAN under
multipath channel. It is shown that the proposed scheme can
facilitate the C-RAN utilize larger bandwidth with limited
front-haul capacity.
A. Performance of The Proposed Scheme Under Single-Tap
Channel
Suppose there are N TDs and M RRHs distributed in
an area where each TD is equipped with a single antenna,
while each RRH is equipped with multiple antennas and has
limited front-haul capacity. All the TDs and RRHs work in the
same spectrum. All the TDs simultaneously transmit the signal
through the wireless medium to all the RRHs. Each RRH
receives a mixture of the signal transmitted by all the TDs.
Assume there is no large scale fading. The baseband signal
is processed at each RRH using the compressive quantization
scheme proposed in this paper before it is transmitted through
the front-haul links to the BBUs where the LMMSE weight
vector proposed in (18) is applied to detect the symbols
transmitted by all the TDs. In this experiment, all the antennas
at all RRHs are actively receiving signals from all TDs at
all time instants. There is no assumption on sparsity of the
received baseband signals.
In the first experiment, the bandwidth is 10 MHz, and the
signal to noise ratio (SNR) is 10 db,2 the number of TDs is
N = 30. We fix Qi = 16 and vary the number of RRHs
so as to change the total number of antennas T . We run the
(k)
experiment over multiple channel realizations where the hi,j ’s
are drawn from independent complex Gaussian distributions
and calculate the average SINR and MSE. In Fig. 6 through
8, we show the average SINR and MSE of each single TD
using LMMSE weight vectors under various per front-haul
link capacities.
We use Di = D, ∀i in this experiment and change the
parameter D so as to adjust the interference power and the
2 Typically, the AWGN is composed of the environmental noise, the device
thermal noise and the quantization noise caused by the ADC. In this work,
even with 8-bit commodity ADC, the quantization noise power is approxi1
mately 10000
of the signal power. Therefore, the 10 db SNR is compatible
with commodity ADC.

quantization noise. It is shown that for each of the D, the SINR
of each TD improves as more antennas are available where
the interference power is mitigated. Moreover, the theoretical
values of MSE in (19) match well with the experimental
values.
We continue to look at Fig. 9 for a special experiment.
In this experiment, the SNR is 15 db while all the other
parameters are the same as the experiments shown in Fig. 6
through 8. We can observe from Fig. 9 that the curve D = 4
starts to outperform the D = 8 curve when the front-haul
link capacity is 0.4 Gb/s, while the D = 8 setting works
better when the front-haul link capacity is relatively higher.
It is because that the D = 4 setting reduces the baseband
signal into less values than D = 8, and thus each individual
value can use more bits. On the other hand, the interference
becomes more severe at D = 4. Therefore, when the front-haul
link capacity is low, smaller D is beneficial in suppressing the
quantization noise power. When the front-haul link capacity
is relatively high, larger D is beneficial in creating less interference power. In other words, the proposed scheme provides
the flexibility in the tradeoff between the quantization noise
and interference. The spatial filtering method proposed in [22]
is an example where no such flexibility is provided since
the baseband signal of multiple time instants are transmitted
separately. It is shown in Fig. 6 through 9 that it does not
perform well when the front-haul link capacity is low.
We further apply the interference cancellation method proposed in section III-C to the multi-RRH uplink system.
All the 30 TDs use QPSK as the modulation. As shown
in Fig. 10a through 10c, the interference cancellation scheme
improves the BER when the original BER is not too high.
Moreover, it is observed that the improvement of BER is
more significant in the compressive quantization scheme than
in the spatial filtering scheme in [22]. The reason is that the
compressive quantization scheme transforms the quantization
noise power into interference power. Unlike the quantization
noise, the interference has its own structure and can be further
suppressed by the interference cancellation scheme.
It can be seen from (18) that as the total number of antennas
increases, the calculation of W(LMMSE) becomes difficult.
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Fig. 7.

The Average SINR and MSE of C = 1.0 Gb/s.

Fig. 8.

The Average SINR and MSE of C = 800 Mb/s.

Fig. 9.

Comparing the choice of D.

On the other hand, when there are significantly more antennas
than users, the entire system becomes a virtual massive MIMO
and the basic MRC weight vectors become effective. As the
performance gap between the LMMSE and MRC weight
vectors have been observed in [30] and [23], we compare the
performance of the LMMSE and MRC weight vectors in the
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proposed system under the condition Qi = 16 an N = 10.
The front-haul capacity C = 0.6 Gb/s is used. The symbols
are modulated using QPSK.
As shown in Fig. 11a and Fig. 11b, the performances of the
LMMSE weight vectors and the MRC weight vectors get close
as more antennas are available. In other words, with massive
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Fig. 10.

Comparing BER performance with different front-haul capacity.

Fig. 11.

Comparing BER performance with different number of antennas.

antennas, while calculating W(LMMSE) becomes difficult,
it can be replaced by W(MRC) that is much easier to obtain.
Another way to bypass the difficulty in calculating
W(LMMSE) is to use the proposed parallel interference cancellation (PIC) scheme. By comparing Fig. 11a and Fig. 11c,
the system performance is improved by performing PIC for
both LMMSE and MRC weight vectors without changing the
number of antennas. Moreover, the performance gap is reduced
after the PIC. The reason is that the PIC cancels much of the
interference which the MRC weight vectors are not able to
deal with as well as the LMMSE weight vectors do.

TABLE I
T HE EVM OF THE C OMPRESSIVE Q UANTIZATION S CHEME
A PPLIED TO THE OFDM BASED C-RAN

B. Application to The OFDM Based Multi-Antenna C-RAN
Under Multipath Channel
Next, we apply the proposed scheme to the OFDM based
broadband uplink system. In this experiment, each RRH is
equipped with 8 antennas. The bandwidth of the system is 20
MHz, which is corresponding to 1200 subcarriers. We group
the 1200 subcarriers into 40 groups with 30 subcarriers in
each group. The bits are allocated equally among all groups.
Within each group, the baseband signals within each group
are processed using the compressive quantization proposed
in section IV and the LMMSE weight vectors are used in
the BBUs. In Table I, the EVM [31] performance under
different modulations and front-haul capacities are presented.
It is shown that even with the 40 Mb/s front-haul link
capacity which is relatively low, the EVM performance is

satisfactory. In contrast, typically, at 20 MHz bandwidth,
even the single-antenna RRH has to use fiber optics with
multiple Gb/s capacity to have satisfactory performance [32].
It is due to the fact that the baseband signals from multiple
subcarriers and multiple time instants are combined together
and transmitted in the front-haul links, which alleviates a
lot of traffic load in the front-haul links. This phenomenon
is similar to the “time-reversal tunneling effect” observed
in [17] where the unique spatial and temporal focusing effects
of time-reversal communication make it possible to detect
the symbols transmitted by multiple TDs from the blended
baseband signals. In this work, the spatial diversity provided
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proposed scheme to the OFDM based multi-antenna C-RAN.
It is also shown that the proposed scheme can facilitate the
OFDM based C-RAN utilize larger bandwidth with limited
front-haul capacity.
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Fig. 12. The comparison of traffic load in front-haul link between CPRI and
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