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ABSTRACT The Uplink/Downlink transmission mode or Transmission Order (TO) optimization has
recently appeared as a new optimization domain in radio resource management. Such optimization is a
combinatorics problem and requires good heuristic algorithm to be approximately solved within short time
for the dynamic radio environment. This paper shows how the TO optimization problem in Time Division
Duplex (TDD) indoor femtocells can be formulated and solved by theHopfieldNeural Network (HNN) based
TO schedulers. Both centralized and distributed versions are analyzed in the context of indoor femtocells.
We also examine proposed TO schedulers’ system performance in TDD indoor femtocells environment by
extensive simulation campaigns. Our simulation results for a large 3-story building including 120 femtocells
show that (i) the indoor femtocell system performance is improved up to 13 to 20 percent by the proposed
HNN schedulers depending on the number of femtocells, (ii) the proposed TO schedulers converge within
the first few epochs. (iii) The performance of the proposed schedulers are justified by a time-consuming but
a thorough Genetic Algorithm Scheduler.

INDEX TERMS Dynamic-TDD, femtocell networks, hopfield neural network, transmission order optimiza-
tion, genetic algorithm.

I. INTRODUCTION AND MOTIVATION
In recent years, small cell deployment is a top priority for
many operators and tens of millions of small cells have
been deployed worldwide, most of which are indoor [1].
Various reports forecast that the global small cell networks
market is expected to grow at a CAGR (compound annual
growth rate) of about 9% during the period 2022-2030 and
the indoor small cell networks segment is the highest con-
tributor to the market (see e.g. [1]). Consequently, the vast
majority of the wireless traffic originates from or termi-
nates at an indoor environment. Therefore, to address the
demand for the exponentially increasing wireless data traffic
in the years to come, we need intelligent Radio Resource
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Management (RRM) tools especially for in-building wire-
less systems. RRM includes various mechanisms like
power control, channel allocation, scheduling, handover,
etc [51], [59], [60]. To meet the ever-increasing wireless data
demand, we should get the most out of the RRM mecha-
nisms. Recently, a new RRM mechanism for TDD systems,
called uplink/downlink Transmission Order (TO) is intro-
duced which can run on top of all other RRM mechanisms
independently, and the authors in [7] in 2016 show that
the uplink/downlink TO has a great potential to remarkably
outperform the traditional case where both uplinks and down-
links are separately synchronized. However, we argue that the
benefits of the TO (transmit order) optimization in the RRM
has been ‘‘somehow overlooked’’ in literature since the work
in [7] in 2016 and thus the potential system performance gains
of the TO optimization have not been explored in literature.
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Therefore, our motivation in this paper is to ‘‘remind’’ the
importance of the TO optimization. In this paper, we focus
on the indoor femtocell environment due to its increasing
importance and show that the system performance is remark-
ably improved (i.e., up to 13 to 20 percent depending on
the number of femtocells) at the expense of some extra
signaling and calculations by the proposed HNN-based TO
schedulers.

To address the sharp rise of the network densification,
the 3GPP introduced enhanced X2 interface and mobility
features in Release 12 [26] for scalability and seamless
handover in the small cell networks. Other enhancement
includes Machine to Machine (M2M) communications, self-
organizing networks (SON), proximity services etc. Small
Cell Network has emerged as one of the key solutions for
enhancing network capacity because it greatly decreases the
minimum frequency reuse distance. The 3GPP report [31]
also suggests that future small cell networks operate with or
without the coverage ofmacro network and support both ideal
and non-ideal backhaul [32].
Currently, the most common form of small cells are femto-

cells. The deployment of femtocells has gained the attention
of the academia and the industry for its ability to improve
the indoor coverage and offload the major portion of traffic
of macro base stations. In our study, it is assumed that the
femtocell network is assigned an orthogonal frequency band
in the overlaid macro network or it operates as an isolated
network because of the following reasons: (a) The cross-tier
interference in an overlaid network could be miti-
gated by optimizing various RRM mechanisms such
as sub-channel assignment, power allocation techniques,
etc [21], [22], [28], [57] and (b) the metal coated structure
of the modern energy efficient building wall introduces addi-
tional 20-30 dB penetration loss over the old building for the
radio signal [29], [30].

For improving the system performance of femtocell net-
works, most of the prior works mainly addressed the tradi-
tional RRMmechanisms like spectrum assignment [19], [53]
power control [20], [25], [50], [58], clustering and resource
allocation [21], [56] interference and mobility manage-
ment [54], joint power control and spectrum assignment [22],
multiple antenna deployment to exploit the angle dimen-
sion [23], [24], etc. In [23], the femto base station inserts
null in the direction of UE (User Equipment) that belongs
to the microcell during the transmission. The power con-
trol technique mainly increases the user experience of the
macro UEs in the proximity of the femtocell network by
reducing the outage probability. Besides all these radio
resource management (RRM) mechanisms, recently a novel
optimization dimension, called Transmission Order (TO),
has been introduced, which could possibly be implemented
on top of all above-mentioned RRM mechanisms in Time
Division Duplexing (TDD) femtocell networks. To the best
of our knowledge, this is the first paper addressing the
TO optimization in indoor femtocell networks (small cell
networks).

In TDD systems, the uplink and downlink transmissions
are multiplexed in time using the same carrier frequency.
It is noted in [2] that in case of Heterogeneous Networks all
cells do not have to have the same UL–DL timing. In TDD
based femtocell system, the interference between cells can
sometimes be reduced and the capacity can be improved by
setting an offset between the frame timings such that uplinks
of some frames coincide with downlinks of another frame [3].
The prospects and challenges of UL/DL configuration in LTE
TDD are studied in [26] and [27] and it is concluded that
UL/DL reconfiguration will play a vital role in future wireless
mobile communications.

In dynamic TDD [4], the transmission direction in a slot
is assigned dynamically. Therefore, in a particular slot, the
direction of transmission of all the femtocells may not be in
the same direction. Therefore, for N femtocells, the number
of combination or set of transmission mode for any slot is 2N ,
which yields an NP (Nondeterministic Polynomial time)-
complete problem for relatively large N .

The authors in [5] and [6] formulate a joint UL/DL TO and
channel allocation problem and propose some centralized and
distributed algorithms for the D2D communications underly-
ing TDD cellular systems. It’s shown in [6] that TO optimiza-
tion algorithms can remarkably improve the performance
of D2D communications. In [7], a graph representation is
proposed for the TO optimization problem to examine the
performance of the D2D communications underlying cellular
TDD networks. TO optimization is applied to Heterogeneous
Networks in [33].

In this paper, we extend the works in [5], [6], and [7] to
formulate the TO optimization problem in the framework of
the Hopfield Neural Network (HNN) [8], [9] and propose the
HNN-based uplink/downlink TO schedulers for the indoor
TDD femtocells. HNNs [8], [9] have been one of the most
well-known and widely used neural networks for optimiza-
tion since 1980s. Hopfield and Tank presented the application
of HNN in optimization problems in [9] by solving the classi-
cal Travelling-Salesman Problem (TSP). This application of
HNNs made it a very popular model in optimization in early
80s, and since then HNN has been applied to many different
areas from associative memory systems design problems to
radio resource optimization in wireless networks, combina-
torial optimization to image restoration, etc. among many
others. For further details and description of the HNN, see
e.g., [49]. Our main motivation and reason of exploring and
proposing the ‘‘HNN based TO schedulers’’ is threefold:

(i) A recent paper of Uykan [45] shows the link between
the HNN and the pioneering interference reduction algorithm
GADIA [36]. Using statistical physics theory, Babadi and
Tarokh thoroughly proved the optimality of the GADIA under
some statistical conditions in [36]. On the other hand, the
paper [45] shows that the HNN turns out to be a special case
of the GADIA. This implies that HNN-based solutions would
be expected to yield sufficiently good results for the standard
indoor COST 231 channel model [37] investigated in this
paper as well.
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(ii) The HNN based solutions are fast enough for solving
the TO optimization in indoor TDD femtocells. To be precise,
the VLSI implementation of the HNN has the capacity to find
solutions in a few microseconds [10], which is much less
than the coherence time of typical indoor channels. As an
outdoor channel example, typical channel coherence times
for WiMAX at the mobile speed of 2 km/h are about 200 ms
and 93 ms at 2.5 GHz and at 5.3 GHz, respectively [48]. Even
at the mobile speed of 45 km/h, the channel coherence time
for WiMAX at 2.5 GHz is 10 ms [48].
(iii) Recently, deep learning based solutions and neural

networks based methods for solving various wireless com-
munications problems have become a hot research topic trend
thanks to the improving computational resources on devices
and the availability of data in large quantity [46], [47]. Our
paper is also in line with this research trend presenting a neu-
ral network-based solution to the TO optimization problem
for indoor TDD femto-cells.

The HNN has successfully been applied to various
real-time RRM optimization problems like solving dynamic
channel allocation problem [10], [11], [12], multiuser detec-
tion [13], [14], phase noise mitigation [15], peak to average
power reduction in orthogonal frequency division duplex
(OFDM) system [16], among many others. The contributions
of this paper can be summarized as follows:

A. CONTRIBUTIONS OF THIS PAPER
In this paper:

(a) We continue the work in [7] by extending it to the TDD
indoor femtocells. Here, we convert the TO optimization
problem of TDD indoor femtocells into the HNN optimiza-
tion formulation.

(b) To the best of our knowledge, the performance
improvement of the indoor femtocell networks by the TO
optimization has not been studied yet, and so this is the first
paper addressing the TO optimization in indoor femtocell
networks. In this paper, we analyse TDD indoor femtocell
networks data rate improvements by the proposedHNNbased
TO algorithms running extensive simulation campaigns. The
simulation results for a large 3-story building including
120 femtocells show that the indoor femtocell system per-
formance is improved up to 13 to 20 percent by the proposed
HNN schedulers as compared to the standard TO cases.

(c) The justification of the simulation results in this
paper is twofold: (i) The GADIA-HNN equivalence recently
shown in [45]. (ii) All the simulation results of the pro-
posed HNN-based algorithms for the indoor simulation sce-
narios (using the standard COST 231 channel model) in
Section V are justified by comparing them with those of a
time-consuming but thorough Genetic Algorithm (GA) [17],
[18] scheduler, which acts as an approximation of the global
solution.

(d) The proposed HNN based TO schedulers that minimize
the total network interference can run on top of any other
RRM mechanisms mentioned above. Thus, our scheme is
independent of any RRM mechanisms.

The rest of the paper is organized as follows: Section II
presents the formulation of the problem. The proposed HNN
based schedulers for the TO optimization problem are pre-
sented and analysed in Section III. Section IV explains the
experimental setup, presents computer simulations results
and a discussion part. The conclusions are given in Section V,
followed by Appendices.

II. FORMULATION
Let’s consider a system of N femtocells each of which has
a Femto Access Point (FAP) and a mobile station (MS)
using the same channel. Then all FAP-MS pairs interfere
each other as shown in Fig. 1. In this system, FAPs are
numbered by (0,1,2,3,. . . .,N-1) and the MSs are numbered
by (N, N+1,N+2,. . . . . . .,2N-1). For the sake of simplicity,
in our notation, the MS (i+N ) is served by the FAP i. This
yields that gii = gi,i+N for UL (fromMS (i+N) to FAP (i)) or
gii = gi+N ,i for DL (from FAP (i) to MS (i+p)). This implies
that the node i and node (i+N ) are receiver-transmitter pairs as
shown in Fig. 1, where i=0,1,2,..N-1. For each pair, the UL or
DL order is determined by its TO. If TO is UL (i.e.,+1), then
transmitter is MS (i+N ), and receiver is FAP i. Otherwise,
if TO is DL (i.e., -1), then transmitter is FAP i, and receiver
is MS i+N. So, there are 2N nodes represented by the set
V = {0,1,2,..,2N-1}.
The received signal power gij can be modeled as fol-

lows [34]:

gij =
sijcij

dβ
ij

pj, i, j = 1, 2, . . . ,N (1)

where pj is the transmit power of transmitter j; sij is the
shadow fading term, dβ

ij is propagation loss in a link

with pathloss exponent β, and cij is multipath fading fac-
tor [34], [35]. As in many other studies, we, in this paper,
assume flat fading and slow fading channel case, and the
channel coherence time is much higher than the radio
resource management algorithms runtime, which is true espe-
cially for the indoor wireless environments where the mobil-
ity is naturally low.

FIGURE 1. A femto network of N cells showing the potential interfering
received signal powers. The MS i + N is served by the FAP i .

85416 VOLUME 11, 2023



M. N. Alam et al.: HNN Based Uplink/Downlink TO Optimization for Dynamic Indoor TDD Femtocells

Let SR and ST represent the sets of indices of N receivers
and N transmitters, respectively, depending on the TOs. So,
the received Signal-to-Interference+Noise-Ratio (SINR) at
receiver i is calculated by [34]

γ i =
gi,own

σ 2
i +

∑
j∈STgij

, i ∈ SR, j ∈ ST (2)

where, γi is the received SINR at receiver i, σ 2
i is the thermal

noise at receiver i and gij is the received signal power at
receiver i for the signal sent from transmitter j, and gi,own rep-
resents the own (desired) signal received power.

As explained in Section I (page 3), in TDD based fem-
tocell system, the interference between cells can sometimes
be reduced and the capacity can be improved by setting an
offset between the frame timings such that uplinks of some
frames coincide with downlinks of another frame [3], [26],
[27]. This yields two UL/DL configurations for our femtocell
network, which we call ‘‘TO-mode 1’’ and ‘‘TO-mode 2’’:
In ‘‘TO-mode 1’’, those FAPs and MSs in set ST are trans-
mitters and the rest (i.e., those FAPs and MSs in set SR) are
receivers. On the other hand, ‘‘TO-mode 2’’ is opposite of
‘‘TO mode 1’’. In other words, the transmission directions
are reversed in ‘‘TO-mode 2’’ so that those FAPs and MSs in
set SR become transmitters and those FAPs and MSs in set ST
are receivers.

Determining the TOs represented by the sets SR and ST , the
sum of the total network interference in TO-mode 1 is

Intwmode_1(ST ,SR) =

∑
i∈SR

∑
j∈ST

gi,j (3)

Similarly, sum of the total network interference in TO-
mode 2 is

Intwmode_2(ST ,SR) = 6i∈SR 6j∈ST gi,j (4)

From (3) and (4), the total network interference, denoted
as Intwtot , is

Intwtot (ST ,SR) = Intwmode_1 + Intwmode_2 (5)

The TO optimization problem is formulated as determining
the optimum sets ST and SR whichminimize the total network
interference in eq.(5), i.e.,

min(ST ,SR) Intwtot (ST ,SR) (6)

For the sake of convenience, our notation is summarized
in TABLE 1.

III. HOPFIELD NEURAL NETWORK BASED TO SCHEDULER
As illustrated in Fig.1, the system ofN femtocells now can be
modeled with a directed interference graph G(V,E) where the
vertices V are the nodes and the edges E represent interfer-
ence powers [7], [52]. The edge gij denotes the interference
power at node i caused by transmitter j, where i,j∈{0,1,. . . ,
2N-1}. A transmit node is not assumed to interfere with
itself gii = 0 nor does it interfere with the intended receiver
gi,(i+N ) = 0. The division of transmitters into two time

TABLE 1. Notation table.

slots corresponds to partitioning of the interference graph
in Fig.1 ( [7]). In the same time slot, some cell may transmit
in DL direction while others transmit in UL direction. In the
next time slot, the cells change their transmission direction.
Definition: A schedule x=(xn, n=0,1,. . . ,2N-1), xn ∈

{−1, +1} defines a graph partitioning such that (ST , SR)
divides the set of vertices V into two sets ST = {n : xn = 1}
and SR = {n :xn = -1} such that

1. All nodes are scheduled V = ST
⋃
SR

2. Number of transmitters and receivers are the same:
|ST | = |SR| = N

3. For a TO, a node is either transmitter or receiver:
In other words, if n ∈ ST then (n+ N ) /∈ ST , xn =

−xn+N , n=0,1,2,..N-1.

Clearly a schedule corresponds to partitioning of the inter-
ference graph in Fig. 1, but not all partitions correspond to a
schedule. For example, in Fig. 1, a feasible schedule vector
x= {-1 1 -1 1 -1 1} corresponds to the set ST = {1, 3, 5} and
SR= {0, 2, 4}. However, for example, the partition ST = {1,
4, 5} and SR = {0, 2, 3} does not correspond to a schedule.
Lemma 1: Let’s define a discrete-value vector x such that

xi ∈ {−1, +1} and xi = −xi+N , for i=0,1,2,..N-1. The total
network interference power in eq.(5) due to schedule x is

Intwtot (ST ,SR) =
1
4

∑
ij

gij(xi − xj)2 =
1
4
xT (D− G)x (7)

where D=diag(dn, n=0,1,. . . ,2N-1) is a diagonal matrix con-
taining the row sums of G, i.e., di =

∑2N−1
j=0 gij.
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Proof: Following the steps in [6] for our system of 2N
nodes, we straightforwardly get the eq.(7).
Lemma 2: The system link interference matrix G above is

an asymmetric 2Nx2N dimensional matrix. The total inter-
ference power in (1) due to schedule x can be turned into the
following symmetric case

min Intwtot (ST , SR) = min Intwtot (x) = min xTWx

xn = −xn+N , n= 0, · · · ,N − 1 (8)

whereW=-G-GT is symmetric matrix and x ∈ −1, 1}2N .
Proof: The proof of this Lemma is given in Appendix A.
Proposition 1: The TO optimization problem in eq.(6) can

be turned into the well-known HNN optimization framework,
which means the TO optimization problem in (6) can be
solved by the traditional (N-by-N dimensional) HNN.
Proof: Because in a 2N-dimensional schedule xn =

−xn+N , n=0,1,2,..,N-1, we define a new N -dimensional vec-
tor y such that xT = [yT , –yT ]. So, x ∈ {−1, 1}2N and
y ∈ {−1, 1}N . From Lemma 2 and eq.(7), we obtain

Intwtot (ST , SR) = Intwtot (y)

=
1
4
yT (D1 + D2 − G11 + G12 + G21 − G22) y

= −
1
8
yT (D1 + D2 + G11 + GT11 + G22

+ GT22 − G12 − GT12 − G21 − GT21)y (9)

where

G =

[
G11 G12
G21 G22

]
and D =

[
D1 0
0 D2

]
(10)

Note that yT (D1 + D2)y =
∑2N−1

n=0 dn = constant, for any
y ∈ {−1, 1}N , and thus has no effect on the minimization.
It is worth to mention that volume of matrix G (vol(G)) is
constant during the coherence time of the channel due to the
flat fading assumption. Hence, defining vector y ∈ {−1, 1}N ,
the TO optimization problem in eq.(6) can be written as

min Intwtot (ST , SR) = min Intwtot (y) = min yTΩy (11)

where

Ω = G11 + GT
11 + G22 + GT

22 − G12

− GT
12 − G21 − GT

21 (12)

As seen from eq.(11), the right-hand side is equivalent to min-
imizing the energy (Lyapunov) function of the HNN whose
weight matrix is �, which completes the proof.

A. CENTRALIZED HNN BASED TO SCHEDULER V.1
(HNNSV1)
The matrix W in eq.(8) is a symmetric matrix because wij =

0.5
(
gij + gji

)
. From (8), we can run a (2N×2N )-dimensional

HNN with the constraint xn = −xn+N , n=0,1,2,..N-1

as follows:

xi(t + 1) = sign


2N−1∑
j=0

wijxj(t)


s.t. xn = −xn+N and n = 0, 1, · · · ,N − 1 (13)

where i = 0, 1, · · · , 2N−1. This scheduler, called HNNSv1,
is summarized in TABLE 4 in Appendix C. Each state
in the HNN consists of either -1 or +1 as discussed in
section II. Basically, the RRC (Radio Resource Control) layer
co-ordinates the measurements and associated reporting task.
The RRC command determines what tomeasure, how tomea-
sure, over which frequency the measurements will take place,
when to send feedback report etc. As far as the central unit in
HNNSv1 is concerned, the Femto Access Points (FAPs) or
HeNBs (Home eNB) could communicate with the common
server or central unit through the Gateway (GW). The central
unit will keep coordination among the femtocells. Every now
and then, all the devices will measure the pilot or Reference
Signal Received Power (RSRP) of the other transmitters in
the networks. These measured data will be destined at the
common server or the central FAP unit. It is noteworthy that
LTE-A supports X2 interface between two FAPs or HeNBs
regardless of the presence of HeNB-GW. The introduction of
the new interface facilitates the FAPs to exchange information
between them directly and within real time.

B. CENTRALIZED HNN BASED TO SCHEDULER V.2
(HNNSV2)
In the HNNSv1 above, the dimension of the weight matrix W
was 2N × 2N . From Proposition 1 and eq.(11), we can run
(N × N )-dimensional HNN without any constraints for the
weight matrix � as follows:

yi(t + 1) = sign
{∑N−1

j=0
�ijyj(t)

}
, i = 0, 1, · · · ,N − 1

(14)

where matrix Ωij is the ij′th entry of matrix Ω defined by
eq.(12). This scheduler is called HNNSv2 and is summarized
in TABLE 5 in Appendix C.

C. HNN BASED DISTRIBUTED TO SCHEDULER (HNNDS)
Examining eq.(13), we see that the term

∑2N−1
j=0 wijxj(t)

is in fact the total co-channel interference power received
by the node i in the femtocell network. So, the TO opti-
mization could be performed in a fully distributed fash-
ion because each FAP-MS pair can regularly measure the
interference powers from the other nodes. Our distributed
scheduler is called HNNDS and is presented in TABLE 6
in Appendix C.
In this distributed approach, all the FAPs and MSs in the

network sequentially measure the interferences and update
their schedule one at a time. From eqs.(3), (4) and (12), we
obtain

xi(t + 1) = sign
{
Intwslot1 (t) − Intwslot2 (t)

}
(15)
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TABLE 2. A comparison of the proposed TO schedulers.

The proposed centralized and distributed TO schedulers
are summarized in TABLE 2.

Comparing eqs.(13) and (14) with the state update of a
neuron in the standard discrete Hopfield Neural Network
(e.g. see eq.(3.27) in the textbook [49], p.3-13), we con-
clude that they both are the same, which shows that our
proposed model in this paper can be solved by the standard
discrete HNN.

IV. SIMULATION RESULTS
A. EXPERIMENTAL SETUP
An extensive simulation study is performed to evaluate and
justify the efficiency of the proposed TO schedulers. In our
simulations we use the indoor environment of a three-story
large office building [37] shown in Fig.2, and the standard
COST 231 indoor propagation model of [37]. For all the
assumptions, see Section V of [37] where the pathloss is
defined in B.1.8. This model is the extension of the Hata
model where the carrier frequency is 1.5 GHz to 2 GHz. Each
floor of the office building consists of forty rooms [44].

FIGURE 2. Layout of a floor in a three-story office building.

In Fig.2, FAPs and MSs are marked as triangles and small
circles, respectively. The red MS means the corresponding
FAP↔MS link is in active state, i.e., either it is in downlink or
in uplink transmission. The shaded room implies that the link
is in downlink transmission in a particular time slot. In the
deployed scenario, FAPs are randomly deployed in each room
of the office building. Each FAP serves only one MS. The
network performance is measured by gradually increasing the

activation probability of the link. The traffic in all direction
is full buffered. The transmission power of FAP and MS are
assumed to be the same while measuring the performance
of HNNSv1 and HNNSv2 and is set to 23 dBmW. For dis-
tributed algorithm HNNDS, the performance is examined for
unequal transmission power of 20 dBmW and 23 dBmW
for FAP and MS respectively. The results of the simulation
for different activation probability of links are averaged over
100 independent snapshots (realizations).

B. NUMERICAL ANALYSIS
In this subsection, the performances of the proposed
TO schedulers are examined. In sub-section B.1, the con-
vergence speed in terms of the number of epochs is inves-
tigated. In subsection B.2, the performance of the centralized
HNNSv1 and HNNSv2 in terms of network interference,
link SINR as well as additional link capacity is examined
in details. In the last subsection B.3, the performance of the
HNNSDS is examined and compared with the centralized
HNNSv1. There are two reference algorithms: (1) All UL and
DL are separately synchronized without any TO optimization
(standard case) and (2) the TOs are randomly chosen.

1) B1) COMPARISON OF CONVERGENCE SPEEDS IN TERMS
OF EPOCHS
In our simulations, three-story building and forty rooms on
each floor yields 120 femtocells. So, for 10% active links
corresponds to 12 active femtocells on the average. Fig. 5
depicts the average and maximum number of epochs that the
proposed centralized TO schedulers HNNSv1 and HNNV2
take to converge as number of active links increases. Here,
an epoch is defined as one batch during which all links are
sequentially updated once.

FIGURE 3. Maximum and Average number of epochs with respect to the
active link ratio (100% ratio corresponds to 120 femtocells).

Fig.3 shows that both centralized schedulers, HNNSv1 and
HNNv2, take few to several epochs to converge depending on
the number of active links in the network. As seen from the
figure, massive increase of search space does not influence
the convergence speed in terms of the epoch number.

On the other hand, as far as the convergence time is
concerned, it is expected that the HNNv2 be much faster
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than the HNNSv1 is because (i) the number of variables in
HNNSv1 is twice the number of variables in HNNv2, and (ii)
unlike the HNN2, the HNNSv1 has some extra calculations
to check and meet the constraint for each update. In order to
examine the convergence speeds, the codes have been written
in C++ and the program has been compiled in C++14 and
the high-resolution clock functions are used to measure the
execution time. The results are averaged over 1000 random
snapshots and show that the HNNSv2 is almost thousand
times faster than the HNNSv1 is.

2) B2) THE SYSTEM PERFORMANCE OF CENTRALIZED
HNNSv1 AND HNNSv2
The 5th and 95th percentile as well as the median of the
average total network interference and average link SINR
are presented in Fig. 4 and Fig. 5, respectively, as the active
link ratio increases. For example, 100% and 50% active links
correspond to 120 and 60 femtocells, respectively. Both Fig.4
and Fig.5 confirm the superior performance of the proposed
TO schedulers as compared to the reference case. For exam-
ple, the improvement is in between 3 dB to 6 dB for the 60%

FIGURE 4. Percentiles of the total network interference with respect to
the active link ratio for various TO schedulers.

FIGURE 5. Percentiles of link SINR with respect to the active link ratio for
various TO schedulers.

active link case. Furthermore, Fig.4 and Fig.5 also show that
the performance of the HNNSv1 and HNNSv2 is very close
to the GASch, which represents a benchmark of the global
optimum approximately.

Given the SINR, corresponding capacity is calculated by
the Shannon’s formula for each case. The percentage of
the corresponding additional link capacity, denoted by Cadd ,
is defined as

Cadd =
(
Copt − Crnd

)
× 100

/
Crnd (16)

where Copt represents the link capacity obtained by a TO
optimization (e.g. HNNSv1) andCrnd shows the link capacity
obtained by determining the TOs randomly without optimiza-
tion. The percentage of additional link capacity is plotted
in Fig. 6.

Fig.6 shows that HNSv1 and HNNSv2 offer additional
15 to 20 percent capacity gain as compared to the reference
case and the gain depends on the number of active femtocells.
The GASch gives slightly better additional gain than the
HNSv1 and HNNSv2 do, but the detailed GASch used in our
simulations is too slow to apply in the wireless environment.
The role of the thorough GASch is to justify the results of
the proposed HNNSv1, HNNv2 and HNNDS as mentioned
above. For the details of the GA, see Appendix B.

FIGURE 6. Percent of additional link capacities for different active link
ratios.

3) B3) THE CONVERGENCE SPEED AND SYSTEM
PERFORMANCE OF HNNDS
Fig.7 shows that the HNNDS (distributed scheduler) con-
verges within few epochs regardless of the number of
active links in the network as the centralized scheduler
HNNSV1 does. The average number of epochs in the
HNNDS case is slightly higher than that of the HNNSv1 case.
This is because the HNNSv1 has constraints to meet, unlike
the HNNDS (see TABLE 2). The results in Fig.7 are in line
with those of Fig.3.

The additional link capacity gains of the HNNDS
(distributed) and HNNSv1 (centralized) are shown in Fig.8.
The reference case is the same as before. Fig.8 shows that
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FIGURE 7. Average number of epochs with respect to the active link ratio
(100% ratio corresponds to 120 femtocells).

FIGURE 8. Comparison of centralized (HNNv1) and distributed (HNNDS)
versions for different active link ratios.

the additional capacity provided by the HNNDS is around
13 percent and is about 1 to 3 percent less than the centralized
scheduler HNNSv1 depending on the number of femtocells
(active link ratio) in our 3-story building scenario.

C. DISCUSSION
Although our TO optimization formulation given by
eq.(3)-(6) is originally for the symmetrical UL and DL
load conditions, it is also valid for the asymmetrical load
conditions. This is because for the TDD systems, UL and
DL transmission is done in the same frequency band, and
therefore UL and DL capacity can be adjusted based on
demand. In theory this is an advantage over the Frequency
Division Duplex (FDD) systems. In a typical FDD system
where UL transmissions use a seperate frequency band which
is just as large as the DL frequency band (e.g. 5 MHz for
UMTS), then those FDD systems have a 1:1 ratio between
UL and DL. On the other hand, with the TDD systems, this
ratio can be changed, for example to 2:1, 3:1, etc. in order
to give more capacity to DL. For example, it is reported
in [38], [39], and [40] that 3:2 DL to UL ratio is suitable
to address almost all common wireless traffic loads. In this

case, one set of transmitters (the FAPs and MSs in set ST )
transmit in a DL-DL-UL-UL-DL frame and the rest of the
transmitters (the FAPs and MSs in set SR) can transmit the
frame UL-UL-DL-DL-DL during the optimized TO mode.
The last slot here is dedicated for DL and therefore first
four slots are kept flexible for the TO optimization purposes.
As compared to the TO-mode 1 (TO1) and TO-mode 2 (TO2)
defined on p3, we see that, for a given transmitter, DL-DL-
UL-UL-DL corresponds to TO1-TO1-TO2-TO2-TO1, and
UL-UL-DL-DL-DL corresponds to TO2-TO2-TO1-TO1-
TO1. Fig.6 shows that around 15 percent additional capacity
gain can be achieved per slot by the proposed TO schedulers
for the 3-story building, and thus the 3:2 frame yields about
(4 × 15%)/5=12% additional link capacity per frame by the
HNNSv1, HNNSv2 and HNNDS as compared the reference
case (uplink and downlink are separately synchronized).
So, without any HARQ ambiguity [41] or complexity, the
proposed TO schedulers could be transferable to the 3GPP
LTE TDD and METIS projects [61], [62] which pave the
ways of 5G standards.

V. CONCLUSION
In this paper, we extend the work in [7] to the TDD indoor
femtocell case, and our investigations yield various novel
results, some of which are as follows:

(i) We formulate the TO optimization problem in TDD
indoor femtocells in the framework of the HNN optimization.
(ii) We design two centralized and one distributed TO

schedulers, all of which are based on the HNN.
(iii)An extensive indoor simulation study of a 3-story large

building consisting of 120 femtocells is performed to examine
the performance of the proposed TO schedulers. The standard
COST 231 channel model is used. The results show that the
indoor system data rate is improved up to 13 to 20 percent
as compared to the standard TO cases for our 3-story build-
ing. The results of the proposed TO schedulers have also
been justified by a time-consuming but thorough Genetic
Algorithm based TO scheduler that acts as a benchmark of
global solution approximately.

TABLE 3. Summary of GA steps.

VOLUME 11, 2023 85421



M. N. Alam et al.: HNN Based Uplink/Downlink TO Optimization for Dynamic Indoor TDD Femtocells

TABLE 4. HNN-based to scheduler v1 (HNNSv1).

(iv)The proposedHNNbased TO schedulers thatminimize
the total network interference can run on top of all other RRM
mechanisms. Thus, our scheme is independent of any other
RRM mechanisms.

This work can be extended to different directions: For
example, in our paper, our simulator is semi-dynamic, which
means that the results are averaged over random channel
realizations (snapshots) as done in many other papers. Devel-
oping a fully dynamic simulator where the indoor mobility of
the MSs is explicitly modelled and analysing the effect of the
full mobility on the TO mechanism would be an interesting
future research direction. The effect of the beamforming on
the TO system performance would be another interesting
future research subject.

APPENDIX A
Proof of Lemma 2: From Lemma 1 (eq. (7)), the total UL
network interference is

Intwtot (ST , SR) = Intwtot (x) =
1
4
xTDx−

1
4
xTGx (17)

The diagonal elements in equation (17) have no impact
on the optimization of the quadratic form as the first part
xTDx =

∑
n dn is constant. The Hermitian splitting of the

matrix is G is given by G =
1
2

(
G+ GT

)
+

1
2

(
G− GT

)
where the first part is symmetric, and the latter part is skew
symmetric. For any x ∈ {−1, 1}2N , 1

2x
T

(
G− GT

)
x = 0.

Hence, minimization of Intwtot (x) in eq.(7) can be written as
eq.(8), which completes the proof.

APPENDIX B
GENETIC ALGORITHM BASED TO SCHEDULER (GASCH)
The GA is a stochastic algorithm whose search method mod-
els some natural phenomena, i.e., the genetic inheritance and
the Darwinian strife for survival [17], [18], [43]. Basically,
GA searches in the entire search space to find the global opti-
mum [55]. After sufficient number of generations together
with suitable parameters, its outcomes become close to the
global optimum. Therefore, in this paper we use a slow
but thorough GA scheduler for justification of the perfor-
mance of our proposed TO schedulers (HNNSv1, HNNv2
and HNNDS) in our simulations.

The GA undergoes some basic core operations e.g., Selec-
tion, Crossover and Mutation. Before describing the core
operators, some basic terms are defined below:

OBJECTIVE FUNCTION
It is the function whose value needs to be optimized. In our
case, it is the total network interference in eq.(5).

CHROMOSOME
Chromosome is any arbitrary solution represented as a string
of bits. In this paper, a chromosome is defined by vector
y ∈ {−1, 1}N

OFFSPRINGS
Offsprings are the new chromosomes or solution after the
crossover operation takes place between two chromosomes.

FITNESS FUNCTION
An evaluation function that rates the individual solution
according to their fitness value. In this paper, the smaller the
interference is the higher fitness value is.

Some core operators [42], [43] in our slow but thorough
GASch are described below:

SELECTION
Based on the fitness value, the selection process selects a
finite number of solutions or chromosome for the mating pool
from a randomized set of solutions. How many copies of a
particular chromosome will be transferred to the new mating
pool depends on its fitness value. There exists a number
of selection operators. In our GASch, the most common
roulette-wheel selection process is used.

CROSSOVER
Selection process only picks up good solutions but does not
create new probable solutions. Crossover operator does this.
Crossover exchanges some property between two randomly
selected chromosomes.

There are variants of crossover. In our algorithm, two-
point crossovers are used where two cross sites are selected
randomly along the string length.
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TABLE 5. HNN-based to scheduler v2 (HNNSv2).

TABLE 6. HNN Distributed Scheduler (HNNDS).

MUTATION
The mutation operation mimics the mutation phenomenon
occurs at some stage on chromosome in natural evolution
process. In this operation bits of the chromosome of mating
pools are altered with mutation probability Pm. The typical
range of Pm is 0.001 to 0.5. In our GASch, the Pm is taken
as 0.001. Mutation guarantees the diversity among individu-
als and explores new individuals in the search space.

The major steps of the GA summarized in TABLE 3 are
used in our detailed GASch.

APPENDIX C
See Tables 4–6.
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