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Abstract—We propose a decentralized subset method for opti-
mal processing and combining of uplink signals in a distributed
MIMO (D-MIMO) network. We further propose the use of
Kalman filters with the square-root implementation to estimate
the received uplink signals. This square-root implementation
is shown to be numerically stable when inverting the covari-
ance matrix, as it always assures the covariance matrix to
be symmetric and positive semi-definite. In the paper we also
analyze the computational complexity and cost with different
combining methods. We show that the Kalman filter implemen-
tation provides the same result as the MMSE method in terms
of the spectral efficiencies and equivalent SINR. However, the
Kalman filter implementation is shown to be very efficient as
it provides the possibility to fully utilize parallel computing of
distributed hardware processors. Moreover, the processing can
be decentralized and the estimates can be aggregated from local
estimates to as many access points (APs) as needed to reach the
desired performance target. A Kalman filter implementation has
the flexibility to aggregate signals in different ways, allowing the
fronthaul architecture to support connectivity of individual APs
in any combination of parallel or serial manners.

Index Terms—Distributed MIMO, uplink, MMSE, Kalman
filter, decentralized processing and combining method.

I. INTRODUCTION

Four different levels of D-MIMO uplink processing coop-
eration, from fully centralized method to locally distributed
methods, were introduced in [1] and [2]. The fully cen-
tralized approach, which is denoted level 4 implementation,
uses global minimum mean-square error (MMSE) combining,
and hence it provides the best performance in terms of the
spectral efficiencies (SE) and equivalently SINR. However,
level 4 implementation is difficult to realize in practice, due to
very high fronthaul connection requirement and computational
complexity at the D-MIMO central processing unit (CPU).
To reduce the computational complexity at the CPU, three
alternative methods, denoted level 1-3, first process the signals
at each Access Point (AP) based on local information, and
then pass them to the CPU for final combining and decoding.
Level 1-3 do reduce the fronthaul requirement, however, these
methods still require centralized combining, which has an
impact on the processing latency. The performance of level 1-3
reaches below 40% of the upper bound performance provided
by level 4. To find the possibility to reach the upper bound
performance, 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, which we call
sub-1, it turns D-MIMO network into a “small cell” network;
when the subset consists of all APs connected to the CPU, it is
equivalent to the level 4. We show in the paper that the subset
method provides a scalable trade-off between complexity and
performance. Moreover, we propose to use Kalman filter when
adding new APs into the subset since the Kalman filter [3]
implementation provides the combining vector that minimizes
estimation error (MSE) at each step of iteration, from a subset
of one AP to a subset of all APs. We also show that the
performance with the subset consisting of all APs is equivalent
to the upper bound performance of a full centralized level 4
implementation.

The paper is organized as follows, we introduce D-MIMO
network in Section II. A brief description of the four uplink
processing combining levels is provided in Section III. The
decentralized methods together with the Kalman filter imple-
mentation is described in Section IV. The implementation cost
and requirements are discussed in Section V. The numerical
verifications and comparison are provided in Section VI.

II. D-MIMO NETWORK

The focus of this work is on the the uplink data processing
and combining. A D-MIMO network in the uplink, as shown
in Fig. 1, consists of L geographically distributed APs (Access
Points), 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 (Central Processing
Units), which facilitate the coordination among APs. Note
that fronthaul links connecting the APs with the CPU can
be serial such as ”radio stripes” [4] or other topologies (as in
Fig. 2), as well as wired or wireless. The APs are cooperating
to serve K UEs (User Equipment) in the coverage area jointly
by phase coherent transmission in the downlink and phase
coherent reception in the uplink.

In Fig. 1 we introduce some of the notation that will be
used throughout this paper. We start with UEk, as shown in
Fig. 1 (a), the uplink channel between APl and UEk is denoted
as hlk. If APl has N antenna elements, hlk is a vector of
size N . The data symbol sk transmitted by UEk is a complex
variable. The received signal at APl denoted as yl, a vector of



length N , is a superposition of the signals sent from all UEs
and can be written as

yl =

K∑
k=1

hlksk + nl, (1)

where nl is the receiver noise at APl.
In the D-MIMO network, the UEk can be served by several

APs, say L APs: AP1, . . . ,APL. The received signals can be
expressed as a vector of length NL, y = [y1 . . . yL]T . Then
(1) becomes y1

...
yL

 =

K∑
k=1

h1k

...
hLk

 sk +

n1

...
nL

 . (2)

We have K UEs in the D-MIMO network, as shown in
Fig. 1 (b), we express the uplink signal from all UE as a vector
of a length K: s = [s1, . . . , sK ]T . We put the channel vectors
between all UEs and APl in a matrix form Hl = [hl1 · · · hlK ],
which has a size N ×K. The received signal yl can now be
written as

yl = Hls + nl. (3)

The data symbols transmitted by UEs are received at dif-
ferent distributed APs that are connected to the CPU through
the fronthaul. In the uplink, data can be processed locally at
APs or centralized at CPU.

In [5] a decentralized processing and combining method that
utilizes a sub-set of APs for processing of uplink signals was
proposed. Instead of sending all signals or estimated signals to
the CPU to determine the combining vector, a sub-set of APs,
L ⊂ {1, . . . , L}, is selected as serving APs for each UE and
one of the AP in the sub-set is assigned to be the aggregating
AP for this UE. We call this the ”subset” or ”subset method”.
The selection of the serving APs can be based on the path-
gain between APs and UE. The number of serving APs to
form the subset is a trade-off between the complexity and
performance. In general, we denote the subset by sub-ℓ when
ℓ out of L APs are selected. Sub-1 has a single serving AP,
which turns D-MIMO into “small cell”. We can aggregate
the number of serving APs depending on the fronthaul and
performance requirement, from two serving APs, sub-2, and
all the way up to include all APs in the D-MIMO network,
sub-L. In Fig. 2, we illustrate one example of a subset with
ℓ = 3 serving APs, sub-3. In this example, each UE picks three
best APs as serving APs based on the path-gain to APs. As
shown in this case the serving APs for UE1 is LUE1

= {4, 5, 8}
where AP5 is assigned to be the aggregating AP where antenna
signals from other two AP4 and AP8 are collected. The serving
APs for UE2 is LUE2 = {3, 6, 7} where AP6 is assigned to be
the aggregating AP and the serving APs for UE3 is LUE3

=
{8, 9, 11} where AP9 is assigned to be the aggregating AP.

The more APs that are selected for processing uplink signals
from a UE, the better performance and the larger complexity
in processing. The trade-off between the performance and
complexity need not to be identical for each UE active in
an uplink transmission time interval (TTI).

(a) UEk (b) UE1, . . . ,UEK

Fig. 1: Uplink data transmission in a D-MIMO network

Fig. 2: Different topologies for APs connection to CPU.
Top: Meshed front-haul. Bottom: Multiple serialized front-haul
segments.

III. CENTRALIZED COMBINING

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

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 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 weights vk ∈
CNL for UEk based on the collective channel estimate ĥk =
[ĥ1k, . . . , ĥLk].

The MMSE combining vector for UEk that maximizes
the instantaneous SINR minimizes the mean-squared error
MSEk = E{|sk − vHk y|2 | ĥk}, see [6] for details, is given
by

vk = pk

(
K∑
i=1

pi

(
ĥiĥ

H

i + Ci

)
+ σ2INL

)−1

ĥk, (4)



where pk is the transmission power for UEk, σ2 is the variance
of the thermal noise, and INL is the identity matrix of size
N × L. The maximum SINR is given by

SINR(4)
k =pkĥ

H

k

 K∑
i=1,i̸=k

piĥiĥ
H

i +

K∑
i=1

piCi+σ2INL

−1

ĥk.

Using level 4 combining, an achievable SE of UE k is shown
to be

SE(4)
k =

(
1− τP

τc

)
E
{
log2

(
1 + SINR(4)

k

)}
, (5)

where τc it the length of the channel coherence interval and τP
is the pilot sequence length. The level 4 provides the best per-
formance, an upper bound, in terms of spectral efficiency (SE),
equivalently SINR. However the computational complexity is
very high since it requires first an inverse of NL×NL matrix
and then a matrix-vector multiplication.

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

Level 1-3 are the methods based on local processing and
centralized 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 signals that are then passed to the CPU
for further combining. The local estimate for UEk at APl is
s̆kl = vHlkyl where the local MMSE combining vector is

vlk = pk

(
K∑
i=1

pi

(
ĥliĥ

H

li + Cli

)
+ σ2IN

)−1

ĥlk. (6)

The maximum value of SINR with the local MMSE com-
bining (6) is given by

SINR(1)
kl =pkĥ

H

lk

 K∑
i=1,i̸=k

piĥliĥ
H

li +

K∑
i=1

piCli+σ2IN

−1

ĥlk.

Different from level 4, APl uses only its own local channel
estimates {ĥlk : k = 1, . . . ,K} for calculating 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 [1]:
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 [1] for more details.

IV. DECENTRALIZED COMBINING

In [5] a decentralized processing and combining method
was proposed. Instead of sending all signals and statistical
parameters to the CPU for centralized combining they are
sent to predefined aggregating APs, or local process unit
(LPU) for decentralized processing and combining first and
then forwarded to the CPU for final decoding. The predefined

aggregating AP consists of a subset of APs, which is selected
for each UE, L ⊂ {1, . . . , L}.

The implementation complexity of the UL combining meth-
ods is dominated by the calculation of the inverse of the covari-
ance matrix. We propose to use the square-root implementation
of the Kalman filter [7] for decentralized processing and com-
bining at aggregating APs. The square-root implementation
is known to be more numerically sound when inverting the
covariance matrix, as it always assures the covariance matrix
to be symmetric and positive semi-definite.

The Kalman filter is used to estimate the data signal vector
s given yl in (3) at any APl as

ŝ = ŝ0 +K (yl −Hlŝ0) , (7)

where ŝ0 = 0 and P0 = diag(p1, . . . , pK) are initial state
vector and covariance matrix. The Kalman filter gain K, a
matrix of size K ×N , provides the optimal solution in terms
of the minimum mean-square error MSE = E{|s −Kyl|2}.

Proposition 1: The combining vectors for all UEs can be
calculated by the Kalman filter gain K, which is equivalent to
the MMSE combining vector given by (4).

Proof: The MMSE combining vector vk given by (4)
assumes that the channel Hl is unknown, but the estimate of
the 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 [6] for a detailed description
of channel estimation. Applying the estimation of the channel,
the estimate of the state vector (7) can then be written as

ŝ = ŝ0 +K(yl − Ĥlŝ0), l = 1, . . . , L (8)

and the covariance matrix becomes

P = P0 − P0Ĥ
H
l (ĤlP0Ĥ

H
l +Rl)

−1ĤlP0. (9)

The Kalman filter gain is given by

K = P0Ĥ
H
l (ĤlP0Ĥ

H
l +Rl)

−1, (10)

where Rl is the covariance matrix including both the correla-
tion matrix of the channel estimation error and receiver noise,
Rl =

∑K
k=1 pkClk + σ2I . The equation (10) provides the

combining vectors that the minimizes the MSE for all UEs,
KT = [v1 · · · vK ]. Thus, the combining vector for UEk, vk, is
the same as it is given in (4).

Remark 1: In the square-root implementation of the Kalman
filter, the covariance matrix is replaced by its square-root, S,
such that P = SST .

Corollary 1: The performance measure SINR for each UEk

is equivalent to the inverse of the covariance matrix given by
the Kalman filter

SINRk =
pk
Pkk

− 1, (11)

where pk is the power of UEk use for transmitting data signals
and Pkk is the kth diagonal element of the 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. For UEk, it can be rewritten
as

SINRk =
sk

Ak − sk
=

sk
Ak

I − sk
Ak

,

where sk is desired signal power and Ak 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

sk
Ak

= pkĥ
H

lk(ĤlP0Ĥ
H
l +Rl)

−1ĥlk = vkĥlk.

The covariance matrix P in (9) has two parts, the initial value
P0 and the updating part, which can be written as KĤlP0 by
using K in (10). Hence (9) can be written as

P = P0 −KĤlP0 or KĤl = (P0 − P )P−1
0 .

Hence
vkĥlk = uT

kKĤluk = uT
k (P0 − P )P−1

0 uk

where uT
k = [0 . . . 1 . . . 0] is a vector with 1 at k

th
element.

SINRk =

sk
Ak

1− sk
Ak

=
uT
k (P0 − P )P−1

0 uk

1− uT
k (P0 − P )P−1

0 uk

=
pk
Pkk

− 1.

We have introduced the Kalman filter to estimate the data
signals by (8)-(10). They can be applied to any APs locally.
They can also be applied to any aggregating APs or local
processing unit (LPU), such as the subset, sub-l, or at CPU
where signals from other APs are collected as shown in Fig. 2.
Furthermore, when APs are connected sequentially where one
AP forwards the estimates to another AP, the update of the
state vector (8) can be generalized with the proposition below.

Proposition 2: The estimate of data signal at any aggre-
gating AP can be obtained by the estimation of the state
vector from the Kalman filter whenever new measurement
from additional APl becomes available.

Proof: Let L be the subset consisting of ℓ APs, and the
new measurement from additional APl be yl, l ̸∈ L. The subset
of ℓ APs is denoted by sub-ℓ. The new subset L∪ l has ℓ+1
APs, sub-(ℓ+ 1). Applying the Kalman filter, the estimate of
the state vector is given by

ŝ(L ∪ l) = ŝ(L) +K(yl − Ĥl ŝ(L)) (12)

and the covariance matrix is given by

P (L∪ l)=P (L)−P (L)ĤH
l (ĤlP (L)ĤH

l +Rl)
−1ĤlP (L). (13)

The Kalman filter gain that minimizes the mean-square errors
between the state and estimated state is given by

K = P (L)ĤH
l

(
ĤlP (L)ĤH

l +Rl

)−1

. (14)

The equation (12) updates the state vector from ŝ(L) to ŝ(L∪l)
with the new measurement yl at the aggregating AP and the
equation (13) updates the covariance matrix from P (L) to
P (L ∪ l) when the APl is added to the subset. The Kalman
filter gain (14) updates the estimate of the state vector which

is the new combining weights that minimizes the MSE for all
UEs.

Corollary 2: The best performance in terms of SINR or
equivalently spectral efficiency (SE) is achieved by sub-L
when all APs in the same cluster are added to the subset L.

Proof: By using the Kalman filter, the estimate of the
state vector is updated by (7) when a new AP is added into
the subset. Each new AP brings the new measurement into
the Kalman filter and reduces the estimation error hence the
corresponding covariance matrix is decreased. Each update
increases SINR as SINR is the inverse of the covariance matrix
as shown in Corollay 1. Hence the best performance in terms
of SINR or equivalently SE is achieved by sub-L when all
APs in the same cluster are added to the subset L.

Remark 2: If the new measurements in Proposition 2 are
collected from several APs, l1, . . . , lr ̸∈ L. The proposition is
still valid by defining Lnew = {l1, . . . , lr} and replacing l by
Lnew, the new subset L ∪ Lnew has thus ℓ + r APs and is
denoted as sub-(ℓ+ r).

The advantage of using the Kalman filter in this context
is that the upper bound performance by the fully centralized
level 4 can be reached by sub-L. However the processing of
sub-L can be done either centralized or decentralized at any
aggregating APs by using (8)-(10); it can also be done by
distributing the processing at aggregating APs and push the
estimate to another AP. The aggregating can also be done when
APs are connected in parallel.

Proposition 3: The Kalman filter provides equivalent results
regardless if the signals are collected and processed centralized
at CPU; or decentralized at an aggregating AP; or distributed
at each of the serving APs.

Proof: Since the Kalman filter minimizes the estimation
error between the signal and estimate of the signal based on
the available inputs and measurements at current stage, the
estimate of the signal contains the same amount of information
as what is available to the Kalman filter at any subset. They
can be forwarded to another AP or aggregating AP without
loss of the information of that subset.

Remark 3: With Proposition 3, the Kalman filter can be
applied in any topology of AP, e.g. star, serial, parallel, grid
connections. The estimate of data signal at any aggregating
AP is the same whether new measurements are collected from
several APs or sequentially aggregated from the first AP to
the aggregating AP.

V. IMPLEMENTATION REQUIREMENTS

We analyze two important aspects that needs to be consid-
ered when it comes to the implementation of D-MIMO system.

Firstly, we analyze the fronthaul connection capacity re-
quirement, i.e. the number of signals and measurements that
are required to send from APs to CPU in order to calculate
the combining weights. The four levels combining method
using MMSE requires to collect signals yl or the processed
signals s̆kl at CPU to be able to calculate combining vector
as described in Section III. In contrast, the decentralized
subset method based on the Kalman filter has the flexibility



to estimate the signals and aggregating the estimated signal,
sequentially or partially at aggregating APs or CPU, as shown
in Fig. 2.

TABLE I: The fronthaul capacity requirement.

signals total signals covariance total elements
level 4 yl τCLN Rlk LKN2/2

level 3 s̆kl (τC − τP )LK alk LK + L2K2+LK
2

level 1-2 s̆kl (τC − τP )LK - -
subset ŝ(L) (τC − τP )LK P (L) LK2/2

The second aspect to consider is the time delay, i.e. how
much time that is required for processing and estimating the
signals. The time delay depends on computational processing
time and the time for collecting the signals. Here, the highest
computational demanding operation is to calculate the inverse
of the covariance matrix and the sizes or the number of
elements in the covariance matrix determines the computa-
tional complexity. The fully centralized level 4 method requires
collecting all signals and estimating a full-sized covariance
matrix at CPU before the processing can start, the number of
operations is in the order of ∼ (NL)3, as show in Fig. 3, bars
in red. Level 4 complexity increases rapidly with the number
of APs hence has very high requirement on the hardware
processing capabilities. However it has very low requirement
on the APs since APs simply push everything to the CPU.
Level 4 is difficult to realize in practise partly because the
time delay for collecting all measurements and partly high
computational complexity to invert the very large covariance
matrices when number of AP is large. Level 1-3 process the
signals at locally at each AP, which put some requirement
on the processor at APs. The number of operations is in the
order of ∼ NL3, as show in Fig. 3, bars in yellow. However,
the combining weights using level 1-3 are calculated at the
CPU which still requires to collect processed signals from all
APs. By using the Kalman filter in the decentralized subset
combining method, the signals can be processed locally at
each AP or collected at aggregating APs. The aggregating APs
that are not overlapping can process the signals in parallel,
which reduces the delay for processing and collecting the
processed signals. However, the aggregating APs has certain
requirements on processing capabilities. With the square-root
implementation of the Kalman filter, see Remark 1, the number
of the operations is in order of ∼ NLK(N +K), as shown
in Fig. 3, bars purple and green for K = 5 and K = 10
respectively.

In Table I, we summarizes the fronthaul capacity require-
ment. The column signals can be the received signals or the
estimated signals at each AP depending on the implementation
methods. The column total signals contains the total sum of
signals sent from of all APs to the CPU for final decoding.

Corollary 3: Applying the Kalman filter implementation,
the required hardware capacity can be gathered at CPU or
distributed among APs.

Proof: In Proposition 3 it is shown that the Kalman filter
provides equivalent results whether the signals are collected at

CPU or at APs. This implies that the required hardware capac-
ity to process the signals has different requirements whether
the signals are processed centralized at CPU or distributed at
APs. The Kalman filter implementation enables parallelization
of the processing to many less capable processors at the
distributed APs.

Fig. 3: Calculation complexity

Fig. 3 illustrate the computational complexity in terms of
the number of operations required for calculating the inverse
of the covariance matrix. As the complexity increases with the
number of APs, L, and antennas elements, N , we show the
complexity as a function of L for N = 4 (solid curves) and
N = 8 (dashed curves). In the case of using subset method,
the number of UEs, K, also has impact on the complexity, we
exemplified by K = 5 (yellow) and K = 20 (magenta).

VI. NUMERICAL COMPARISONS

We evaluate the Kalman filter implementation by deploying
a D-MIMO network in a 100 × 100 m2 area as shown in
Fig. 4, where a number of APs, denoted by L, are deployed
on a square grid. A reference case is created where L = 36
APs, each AP is equipped with N = 4 antenna elements and
K = 20 UEs are randomly generated in the area. To be able
to compare the work done in [1] and our implementations
with Kalman Filter, we use the same channel propagation
model and estimation as described in [1], which was based on
3GPP Urban Microcell model in [8], the pathgain is shown
in Fig. 4(b). Except for the size of simulation area, we kept

Fig. 4: Path-gain in a D-MIMO network with 36 APs.



the most of parameters used by [1]. The system simulation
parameters are summarized in Table II.

TABLE II: 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 and 10 m respectively
UE and AP power 100 mW
Noise power -92 dBm

The performance metrics used for comparing different up-
link combining methods is the achievable Spectral Efficiency
(SE) [bit/s/Hz]. For the centralized combining methods, the
simulations are based on the Matlab code provided by [1]. For
the decentralized combining methods, two implementations
were used in the simulations, one implementation based on
MMSE using QR factorization; the other one is the square-root
implementation of the Kalman filter as described in section IV.
Each simulation contains 1000 random channel realizations
and 8000 random UEs samples. More results for varying the
parameters can be found in [5].

Fig. 5: Centralized and decentralized combining methods.

Fig. 6: MMSE and Kalman Filter implementations.

In Fig. 5 the cumulative distribution (CDF) of the four-
levels centralized combing methods (level 4 to level 1), solid
curves, are compared with decentralized subset method,

dashed curves, sub-1 upto sub-36. We can see that level 4 is
equivalent to sub-36 when all L APs are added into the subset,
which numerically verifies the Corollary 2.

Fig. 6 shows the 10th and 90th percentile of SE as a function
of decreasing in levels and increasing of APs in the subset
on x-axis. The results from two implementations are shown,
the blue curves based on MMSE with QR factorization and
the red curves based on the Kalman Filter. They are slightly
different due to the different random seeds. Two conclusions
can be drawn from the results: Firstly, the two implementations
(MMSE with QR factorization) gives the same results; Sec-
ondly, sub-16 is almost as good as level 4 and sub-4 performs
on par with level 1-3.

VII. CONCLUSIONS

This paper introduces the Kalman filter to estimate the
uplink signals in a D-MIMO network. The Kalman filter
provides an optimal estimate by minimizing the estimation
error. It can be applied to both centralized and decentralized
processing and combining. When applied to the decentralized
combining methods it provides the flexibility to aggregate the
estimates in different topologies, star, serial, parallel or grid.
Applying the Kalman filter, the performance upper bound can
be approached by incrementing the subset size stepwise. In
the studied simulation scenario, where 36 APs are deployed
in the D-MIMO network, 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. With a Kalman filter implementation, it is simple to
decide the most cost efficient trade-off between performance
and implementation cost.
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