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Pål Frenger
Ericsson Research
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Abstract—We propose decentralized processing and combining
in the uplink for a distributed MIMO (D-MIMO) network by
a subset method. A subset that consists of a partial number
of access points (APs) that are connected to a CPU is defined
for each UE. A subset that consists of only one AP turns a D-
MIMO network into “small cell” network; a subset that consists
of all APs connected to the CPU give the same performance as
a fully centralized method. The paper also shows that the subset
method provides a very scalable trade-off between complexity
and performance. It is simpler to realize as the processing can be
distributed and parallelized. In the studied simulation scenarios,
we show that it is possible to reach 85% of the performance
upper bound by including only 20% of total APs in the subset,
and to reach 95% of the performance upper bound by including
40% of APs in the subset.

Index Terms—Distributed MIMO, D-MIMO, uplink combin-
ing, decentralized sub-set processing.

I. INTRODUCTION

We compare different combining methods in the distributed
MIMO (D-MIMO) in the uplink. In [3] and [4] four dif-
ferent uplink combining methods were proposed, from fully
centralized method to locally distributed methods. The fully
centralized method, which is called level-4 implementation,
uses global minimum mean-square error (MMSE) combining,
hence providing the best performance in terms of spectral
efficiency and equivalently SINR. However, level-4 combining
is extremely difficult to realize in practical, since both the
fronthaul capacity requirement and the high computational
complexity at the central processing unit (CPU) is staggeringly
high. To reduce the computational complexity at the CPU,
another three methods, called level 1-3: process the signals at
each access point (AP) based on local information first, and
then pass the processed signals to the CPU for final combining
and decoding. Level 1-3 still require centralized combining at
CPU by collecting locally estimated signals from all APs that
are connected to a CPU. To find the possibility to approach the
upper bound performance provided by level 4, we propose to
use a decentralized partial level-4 method by defining a subset
of APs for each UE. The subset can be defined from one AP to
all APs that are connected to a CPU. When the subset consists
of only one AP, denoted by sub-1, it turns D-MIMO network
into a “small cell” network; and when the subset consists of
all APs connected to the CPU, it becomes equivalent to the
level 4. This study shows that the proposed subset method is a

very scalable trade off between complexity and performance.
The subset method is simpler to realize as the processing
can be decentralized and parallelized. Moreover, the subset
method provides the flexibility to trade-off performance and
computational complexity.

II. D-MIMO NETWORK

A D-MIMO network consists of L geographically dis-
tributed APs, each equipped with N antenna elements. The
total number of antennas in the network is N × L. The APs
are connected via fronthaul links to CPUs, which facilitate the
coordination among APs. The APs are cooperating to serve
K UEs (User Equipments) in the coverage area jointly by
coherent transmission in the downlink and reception in the
uplink, see Fig. 1. The focus of this work is on the uplink
reception and combining of signals from the distributed APs.
In the uplink, as shown in Fig. 1, each AP receives two types
of signals from UEs, the pilot signals for channel estimation
and the data signals for data transfer. When the UEs transmit
their pilot signals, the received pilot signal Zl ∈ CN×τP at
AP l is

Zl =

K∑
k=1

√
pk hlkφ

T
tk

+Nl, (1)

where pk ≥ 0 is the transmit power of UE k, Nl ∈ CN×τP
is the receiver noise with independent NC(0, σ2) entries, and
σ2 is the noise power. The channel between UE k and AP l
is denoted by hlk ∈ CN . The elements of the channel
vector are modeled by a complex Gaussian distribution, hlk ∼
NC(0, Rlk) where Rlk ∈ CN×N is the spatial correlation
matrix. Assume that the D-MIMO network has τP mutually
orthogonal pilot signals φ1, . . . , φτP with ‖φ‖2 = τP , which
are used for channel estimation. The pilots are assigned to
the UEs in a deterministic but arbitrary way. In a network
with K > τP several users can be assigned to the same
pilot. We denote the index of the pilot assigned to UE k as
tk ∈ {1, . . . , τP } and Pk ⊂ {1, . . . ,K} the subset of UEs that
use the same pilot as UE k. The interference generated by the
pilot sharing UEs causes pilot contamination, which in some
situations can degrade the system performance significantly.
To estimate the channel, the AP correlates the received signal

with the associated normalized pilot signal
φtk√
τp

to obtain

zltk ,
1
√
τp
Zlφ
∗
tk
. (2)



Fig. 1: Uplink transmission from UE and to receiving APs.

The channel hlk is estimated using

ĥlk =
√
pkτpRlkψ

−1
ltk
zltk , (3)

where
ψltk = E

{
zltkz

H
ltk

}
=
∑
i∈Pk

τP piRli + IN (4)

is the correlation matrix of the received signal. The estimate
ĥlk and estimation error h̃lk = hlk − ĥlk are independent
vectors distributed as ĥlk ∼ NC

(
0, pkτPRlkψ

−1
ltk
Rlk
)

and
h̃lk ∼ NC (0, Clk) with the covariance matrix

Clk = E{h̃lkh̃Hlk} = Rlk − pkτPRlkψ−1
ltk
Rlk. (5)

During the uplink data transmission, all APs will receive a
superposition of the signals sent from all UEs. The received
signal yl ∈ CN at AP l can be written as

yl =

K∑
k=1

hlksk + nl, (6)

where sk ∼ NC(0, pk) is the signal transmitted by UE k with
a power pk = E{|sk|2} during the uplink data transmission.
The independent receiver noise is nl ∼ NC(0N , σ

2IN ). The
performance metrics used in this paper is the achievable
Spectral Efficiency (SE) [bit/s/Hz] based on the Shannon
formula, which is the same as it was used in [3] and [4].

III. CENTRALIZED COMBINING

In [3] four levels of receiver cooperation were proposed.
From the most complex and advanced level which is called
level 4 to less complex level 1. We summarize these four levels
briefly in this section, more details to be found in [3].

A. Level 4: Fully Centralized Processing

Level 4 is a method with fully centralized processing and
combining. It requires that all L APs that are connected to
a CPU of a D-MIMO network send all received pilot signals
{zlt : l = 1, . . . , L, t = 1, . . . , τP } and received data signals
{yl : l = 1, . . . , L} to the CPU. For each UE, the CPU
estimates the channel {ĥlk : l = 1, . . . , L, k = 1, . . . ,K}
using received pilot signals and channel statistics obtained
from APs. Then CPU selects combining vector vk ∈ CLN for

UE k based on the collective channel estimate and received
data signals

ĥk =

ĥ1k

...
ĥLk

 and y =

y1

...
yL

 .
The MMSE combining vector for UE k that maximizes

the instantaneous SINR minimizes the mean-squared error
MSEk = E{|sk−vHk y|2 | ĥk}, see [2] for details, is given by,

vk = pk

(
K∑
i=1

pi

(
ĥiĥ

H
i + Ci

)
+ σ2ILN

)−1

ĥk. (7)

The maximum value of SINR is

SINR(4)
k =pkĥ

H
k

 K∑
i=1,i6=k

piĥiĥ
H
i +

K∑
i=1

piCi+σ
2ILN

−1

ĥk.

(8)
At level 4, an achievable SE of UE k is shown to be

SE(4)
k =

(
1− τP

τc

)
E
{

log2

(
1 + SINR(4)

k

)}
. (9)

The level 4 provides the highest SE, however the computa-
tional complexity is extremely high since it requires first the
computation of LN × LN matrix inverse and then a matrix-
vector multiplication.

B. Level 1-3: Local Processing and Centralized Combining

Level 1-3 are methods based on local processing and central-
ized combining. Instead of sending the N -dimensional vector
{yl : l = 1, . . . , L} and channel estimates to the CPU,
each AP pre-processes its signals by computing the local
estimates of the data that are then passed to the CPU for further
combining. The local estimate for UE k at AP l is s̆kl = vHlkyl
where the local MMSE combining vector

vlk = pk

(
K∑
i=1

pi

(
ĥliĥ

H
li + Cli

)
+ σ2IN

)−1

ĥlk. (10)

The maximum value of SINR with the local MMSE com-
bining (10) is given by

SINR(1)
kl =pkĥ

H
lk

 K∑
i=1,i6=k

piĥliĥ
H
li +

K∑
i=1

piCli+σ
2IN

−1

ĥlk

(11)
Different from level 4, AP l uses only its own local channel
estimates {ĥlk : k = 1, . . . ,K} for the design of vlk. The
local estimates {s̆kl : l = 1, . . . , L} are then sent to the CPU
where they are combined in three different methods, which
are defined in [3]:
Level 1: ŝk = argmax

s̆kl

SINR(1)
kl , l = 1, . . . , L

Level 2: ŝk = 1
L

∑L
l=1 s̆kl

Level 3: ŝk =
∑L
l=1 a

∗
lks̆kl

The weighting coefficients alk at level 3 can be obtained based
on the channel statistics, see [3] for more details.



IV. DECENTRALIZED COMBINING

We propose a decentralized processing and combining
method that utilize sub-sets of APs for processing of uplink
signals. Instead of sending all signals or estimated signals
to the CPU to determine the combining vector, a subset of
APs is selected for each UE, L ⊂ {1, . . . , L}, and one of
the AP in the subset is assigned to be the aggregating AP
for this UE. This enables the fronthaul communication to
send information to different aggregation APs, using different
sections of the fronthaul, all at the same time. It further enables
parallel processing of uplink signals from multiple UEs in
different aggregating APs. The processing for each UE is
also significantly reduced when a sub-set of APs are used for
reception compared to the full set of APs.

We denote the subset by sub-` when ` out of L APs are
selected. The minimum subset, sub-1, can be selected based on
the best path gain for each UE. The maximum subset, sub-L,
consists of all APs that connected to the same CPU. As more
APs are selected for processing uplink signals from a UE, the
better performance and the larger complexity in processing
we obtain. There is a trade-off between the performance and
complexity that need not be identical for each UE active in an
uplink transmission time interval (TTI). In Fig. 2, a subset of
` = 3 is used to illustrate the sub-3 selection. In this example,
the subset for UE 1 is LUE1

= {4, 5, 8} where AP 5 is assigned
to be the aggregating AP where antenna signals from other two
AP 4 and AP 8 are collected. The subset for UE 2 is LUE2 =
{3, 6, 7} where AP 6 is assigned to be the aggregating AP
and the subset for UE 3 is LUE3

= {8, 9, 11} where AP 9 is
assigned to be the aggregating AP.

Fig. 2: Subset that consists of three APs for each UE.

In [5], the square-root implementation of the Kalman filter
is proposed to find the optimal solution. It is shown in [5] that
such implementation provides the same result as the MMSE
method used in [3] and [4]. However, the square-root Kalman
filter is shown to be more efficient and numerically sound
when inverting the covariance matrix.

To apply the Kalman filter we rewrite the signal and the
channel between all UEs and AP l in more compact vector
or matrix forms in the following. The received data signal at
AP l can be written as yl = Hls + nl, where the channel is
Hl =

[
hl1 · · ·hlK

]
, and transmitted signals from all UEs is

the state vector sT = [s1, . . . , sK ]. The Kalman filter provides
the estimate of the state vector ŝ at AP l as

ŝ = ŝ0 +K (yl −Hlŝ0) (12)

which minimizes the mean-square error MSE = E{|s−Kyl|2}
by the Kalman filter gain K. The initial estimate state vector
ŝ0 = 0 and the covariance matrix P0 = diag(p1, . . . , pK).

The combining vector vk given by (7) assumes that the
channel Hl is unknown, but the estimate of channel can
be done locally at each AP based on known pilot signals
transmitted from UEs. Let Ĥl = [ĥl1, . . . , ĥlK ] be the estimate
of channel Hl, see [2] for a detailed description of channel es-
timation. Applying the estimation of the channel, the estimate
of the state vector (12) can then be written as

ŝ = ŝ0 +K(yl − Ĥlŝ0), l = 1, . . . , L (13)

and covariance matrix becomes

P = P0 − P0Ĥ
H
l (ĤlP0Ĥ

H
l +Rl)

−1ĤlP0. (14)

The Kalman filter gain is given by

K = P0Ĥ
H
l (ĤlP0Ĥ

H
l +Rl)

−1. (15)

It is shown in [5] that the Kalman filter gain K is equivalent to
the combining vector vk given by (7). The covariance matrix P
in (14) has two parts, the initial value P0 = diag [p1, . . . , pK ]
and the updating part, which can be written as KĤlP0 by
using K in (15). Hence (14) can be written as

P = P0 −KĤlP0. (16)

Proposition 1: The performance measure SINR for each
UE k is equivalent to the inverse of the covariance matrix given
by the Kalman filter

SINRk =
pk
Pkk
− 1, (17)

where pk is the power of UE k to transmit data signal and Pkk
is the diagonal element of covariance matrix P .

Proof: The SINR represents the ratio between desired
signal power and undesired total signal power, which is often
called the interference and noise. It can be rewritten as

SINR =
s

A− s
=

s
A

I − s
A

, (18)

where s is desired signal power and A is the total sum of
received signal power. The ratio of desired signal to the total
sum is a part of the covariance matrix as

s

A
= P0Ĥ

H
l (ĤlP0Ĥ

H
l +Rl)

−1Ĥl = KĤl. (19)

From (16) we get
KĤl = (P0 − P )P−1

0 , (20)

and hence

SINR =
s
A

I − s
A

=
(P0 − P )P−1

0

I − (P0 − P )P−1
0

=
P0

P
− I. (21)

The SINR for UE k is thus the kth element of SINR in (21)
such as given by (17).



Proposition 2: The upper bound performance provided by
the fully centralized level 4 can be achieved by sub-L when
all APs in the same cluster are added to the subset L.

Proof: The estimate of the state vector (13) can be used
for any aggregating AP, from sub-1 update to sub-2, and then
from sub-2 update to sub-3, when a new AP is added into the
subset. Each new AP brings the new measurement into the
Kalman filter. Each update reduces the estimation error hence
reduces the covariance matrix. As SINR can be written as the
inverse of the covariance matrix

SINR =
P0

P (L)
− I. (22)

Each update of the covariance with a new AP increases SINR.
When all APs are added in the subset L, the minimum
covariance is reached, and hence the maximum SINR is
reached. The best performance is achieved by sub-L, which
has the same performance as fully centralized method level 4,
given by (8) and (9).

The advantage of using the Kalman filter in this context
is that the same maximum SINR or SE as fully centralized
processing and combining can be reached by sub-L, however
the processing processing complexity can be adapted for each
UE and combining can be both centralized or distributed at
any aggregating APs.

V. DEPLOYMENT MODEL AND SIMULATION PARAMETERS

In this section, we evaluate the subset method by deploying
a D-MIMO network in a 100 × 100 m2 area as shown in
Fig. 3. A number of access points (APs), denoted by L, are
deployed on a square grid. Each AP is equipped with a
number of antenna elements, from single antenna element,
i.e. N = 1, to multiple antenna elements e.g. N = 16. To
be able to compare the level 1-4 methods given by [3] and our
decentralized subset method by the Kalman Filter, we use the
same channel propagation model and estimation as described
in [3], which was based on 3GPP Urban Microcell model
in [1]. Except for the size of simulation area, we keep the same
parameters used by [3]. The system simulation parameters are
summarized in Table I.

(a) A deployment with four APs. (b) A deployment with 16 APs.

Fig. 3: Propagation path-gain in a D-MIMO network.

VI. NUMERICAL COMPARISONS

The performance metrics used is the achievable Spectral
Efficiency (SE) [bit/s/Hz] based on the Shannon formula,
which is the same as it was used in [3] [4]. The evaluation of
the performance with four-level centralized combining method
was done by the code provided by [3]. The evaluation of the
performance with decentralized combining method proposed
in this paper was done by the square-root implementation
of the Kalman Filter. Each simulation result contains 1000
random channel realizations and 8000 random UEs samples.
When comparing the results in the sub-sections we use solid
curves for four levels centralized combining and dashed curves
for the subsets method whenever they are presented in the
same figure.

A. Centralized vs. Decentralized Combining

To compare the simulation results for centralized and de-
centralized combining methods, a reference case is created
where L = 36 APs were deployed as a grid in an area of
100× 100 m2, each AP is equipped with N = 4 antennas and
K = 20 UEs are randomly generated in the area.

In Fig. 4 the cumulative distribution (CDF) of the four-levels
centralized combing methods (level 4 to level 1) are compared
with decentralized subset method, sub-1 upto sub-36. We can
see that level 4 is equivalent to sub-36 when all L = 36
APs are added into the subset, which numerically verifies the
Proposition 2.

Fig. 5 shows the 10th and 90th percentile of the CDFs in
Fig. 4 as a function of decreasing in levels and increasing in
the number of APs in the subset on x-axis, both using MMSE
and MR combining. The first conclusion that we get is that the
MMSE combing outperforms the MR combining. In the rest
of paper we show only the results with MMSE combining.
The second observation is that a subset with 16 APs, sub-16,
is almost as good as level 4. Moreover, sub-2 is almost as good
as level 3.

It is shown in [5] that applying the Kalman filter, the
performance upper bound can be approached by incrementing
the subset stepwise. To illustrate this, in Fig. 6 we assume
the upper bound performance given by level 4 or sub-L to be

TABLE I: SYSTEM PARAMETERS
Carrier frequency 2 GHz
Bandwidth 20 MHz
Duplex Symmetric TDD Number of data samples for UL and

DL τD = τC − τP )
Simulation area 100× 100 m2

Wrap-around 8 twin areas
Channel Assump-
tions

Perfect reciprocity, Block fading, Independent
Rayleigh fading Correlated log-normal shadow fad-
ing, σsh = 4dB, 9 m correlation distance 3GPP
Urban Microcell pathloss model

Coherence time τC = 200 samples
Channel estimation τP uplink pilots (no downlink pilots), random pilot

allocation
UE, AP height 1.5 m,10 m
UE and AP power 100 mW
Noise power -92 dBm



100% and the performance of the subset method from sub-1
to sub-36 is relative to the upper bound in percent at both
10th and 90th percentile. From the figure we can see how
many APs that needs to be added in order to reach the upper
bound performance. In this simulated case, we see that at
10th percentile it is possible to reach 85% of the upper bound
performance by including only 20% of total APs in the subset,
and to reach 95% of the upper bound a subset of 16 APs, sub-
16, is needed. Furthermore, adding more APs into the subset
gives little gain at high costs not only the fronthaul but also
processing delay.

Fig. 4: Centralized and decentralized combining methods.

Fig. 5: SE@10th and 90th percentile with different combining.

Fig. 6: Comparing subsets with level 4.

B. Sweep the Number of Deployed APs

We investigate the performance when the number of APs
deployed in the area is varied from L = 1 to L = 100 while
keeping the other parameters as the reference case, N = 4,
K = 20 and τP = 15. From radio propagation point of view,
the more APs the higher the path-gain to the best AP the UEs
are likely to have.

In Fig.7(a) we show the 10th percentile of SE as a function
of the number of deployed APs, L, when we double the
number of APs. We can see that sub-1 is the lower bound

(a) (b)

Fig. 7: SE@10th percentile by sweeping L, MMSE combining.

which is completely distributed using local processing without
any information from other APs. Level 1 is slightly better
than sub-1 as level 1 requires each AP to forward locally
estimate of the signal to the CPU for centralized combining.
It relies on the CPU to find the maximum value of SINR
or SE among all APs. Hence the difference is that sub-1
captures the slow fading while level 1 captures the fast fading
and interference. Level 4 provides the upper bound, which is
the most complexity in terms of the implementation. Sub-
16 gets very close to level 4 in the performance and the
implementation is much simpler with Kalman Filter. The sub-
2 requires only aggregating two APs and gets quite close to
the performance of level 3. Fig. 7(b) shows the 10th percentile
of SE as a function of all levels and subsets. Each curve is a
deployment with the number of L APs. Note that the number
of APs in the subset cannot exceed the total number of APL.
We can see that the more deployed APs the better performance,
however diminish return.

C. Sweep the Number of Antenna Elements at Each AP

We study the performance when the number of antenna
elements at each APs is varied from N = 1 to N = 16 while
keeping the other parameters as the reference case, L = 36,
K = 20 and τP = 15. Fig.8 shows the 10th percentile of SE as
a function of the number of antenna elements at each AP, N .
The sub-4 outperforms all level 1-3 and sub-2 outperforms
level 1 and is almost as good as level 3 when N ≥ 8. In Fig.9
we group the results for each number of antenna elements in
the bar charts and make it easier to compare four levels and
6 selected subsets for each setting of antenna elements. The
more antenna elements the better performance.

D. Sweep the Number of UEs in the Simulation Area

We further investigate the performance when the number of
UEs is varied from K = 1 to K = 40 while keeping the other
parameters as the reference case, N = 4, L = 36 and τP = 15.
Fig.10 shows the 10th percentile of SE as a function of the
number of UEs, K. In the case of single UE, K = 1, there is
no interference and no pilot contamination hence the highest
performance for all levels and subsets. When the number of
UEs increases to τP = 15, the interference increases without
pilot contamination, sub-2 outperforms level 1-3. When the



Fig. 8: SE@10th percentile by sweeping N .

Fig. 9: SE@10th percentile by sweeping N .

number of UEs becomes large than the number of pilots τP ,
sub-4 outperforms level 1-3.
E. Sweep the Number of Pilot Symbols

We show the performance when the number of pilot symbols
is varied from τP = 1 to τP = 50 while keeping the other
parameters as the reference case, N = 4, L = 36 and K = 20.
Fig.11 shows the 10th percentile of SE as a function of the
number of UEs, τP . Since we have 20 UEs there are pilot
contaminations for all τP < 20. Once again, we see that sub-
4 outperforms level 1-3.

VII. CONCLUSIONS

This paper proposed a decentralized subset method for the
receiver combining in a D-MIMO network. The proposed sub-
set combining method is scalable in the sense that the more
APs you deploy the more distributed processing resources and
the more fronthaul segments you get. This enables simulta-
neous and parallel forwarding of antenna data over different
fronthaul segments. It also enable simultaneous and parallel
processing of UE uplink signals in different aggregation APs.
The proposed method provides both good performance and
low complexity compared to single AP decoding (Level 1) or
sequential AP aggregation (Level 2 or Level 3). The method
approaches the performance of fully centralized processing
(Level 4) as the size of the cooperating set expands. Dimin-
ishing returns once the APs closest to the UE are included
in the sub-set imply that for most UEs a small sub-set
will provide sufficient performance. This ensures that only
the most relevant antenna elements in the D-MIMO system
are processed for each UE. This leads to less demanding

Fig. 10: SE@10th percentile by sweeping K, where τP = 15.

Fig. 11: SE@10th percentile by sweeping τ , where K = 20.

processing (e.g. smaller matrix inversions) and less forwarding
of information over the fronthaul, resulting in reduced power
consumption and reduced hardware cost. Applying the Kalman
filter implementation the ultimate performance upper bound
can be reached by incrementing the subset stepwise. In studied
simulation scenario, we can reach 85% of the upper bound
by including only 20% of total APs in the subset, and reach
95% of the upper bound by a subset with 16 APs, sub-16. By
using a Kalman filer, it is simpler to decide how far to go to
reach the upper bound, a trade-off between the performance
and implementation cost.
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