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Proactive Mobile Network Optimization

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] This claims priority to U.S. Prov. Patent App. No. 62/875,841 filed on July 18, 2019,

which is incorporated by reference.

STATEMENT REGARDING FEDERALLY SPONSORED
RESEARCH OR DEVELOPMENT
[0002] This invention was made with government support under grant numbers 1619346,
1559483, 1718956, and 1730650 awarded by the National Science Foundation. The government

has certain rights in the invention.

BACKGROUND
[0003] The current exponential mobile data traffic escalation is a precursor towards an
imminent capacity crunch. In this backdrop, extreme network densification through deployment
of a large number of small cells has emerged as the most yielding solution to achieve the 1,000-
fold capacity gain goal. However, the ultra-dense deployments of small cells is on a direct
collision path with the economically viable and energy efficient deployment vision of 5G. This
is due to the high aggregated network energy that “always-on” small cells are bound to consume
in a UDN. In addition to a higher carbon footprint, this translates into higher operating expenses.
Although small cells have a relatively lower power consumption profile, the always ON
approach increases overall network-wide energy consumption. This is because the load-
independent power consumption (circuit power) components in small cells constitute a much
larger portion of overall power consumption. As a result, with the advent of UDNs, the need for
energy saving schemes will be even more compelling. It is a consensus in the research
community that to avert an energy crunch in 5G and to achieve economic viability, the 1,000-
fold capacity increase must be achieved at a similar or lower power consumption as legacy

networks.
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BRIEF DESCRIPTION OF THE DRAWINGS
[0004] For a more complete understanding of this disclosure, reference is now made to the
following brief description, taken in connection with the accompanying drawings and detailed
description, wherein like reference numerals represent like parts.
[0005] FIG. 1A is a schematic diagram of AURORA according to an embodiment of the
disclosure.
[0006] FIG. 1B-1 and 1B-2 are a schematic diagram of AURORA according to another
embodiment of the disclosure.
[0007] FIG. 2 is a state transition diagram for a semi-Markov model.
[0008] FIG. 3 is a pseudocode for a next location estimation algorithm.
[0009] FIG. 4 is a combined scatter and box plot of next cell prediction accuracy.
[0010] FIG. 5 is a combined scatter and box plot of an average estimation performance.
[0011] FIG. 6 is a graph of average location estimation error.
[0012] FIG. 7 is a bar chart comparing an ECR for AURORA to ECRs of other schemes.
[0013] FIG. 8A is a graph comparing an ERG for AURORA to ERGs for other schemes with
a low traffic demand.
[0014] FIG. 8B is a graph comparing an ERG for AURORA to ERGs for other schemes with
a high traffic demand.
[0015] FIG. 9 is a bar chart of an average number of small cells put to sleep with AURORA
and NARN.
[0016] FIG. 10A is a diagram of small cell states for a low traffic demand.
[0017] FIG. 10B is a diagram of small cell states for a high traffic demand.
[0018] FIG. 11 is a bar chart of an average percentage of satisfied users under AURORA
versus load threshold energy efficiency.
[0019] FIG. 12 is a box plot of cell loads of on cells for AURORA and NARN.
[0020] FIG. 13 is a graph of CDF versus SINR for AURORA and NARN.
[0021] FIG. 14A is a diagram of an average long-term cell occupancy probability of users.
[0022] FIG. 14B is a diagram of an average percentage of on small cells with AURORA for
a low traffic demand.
[0023] FIG. 14C is a diagram of an average percentage of on small cells with AURORA for
a high traffic demand.
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[0024] FIG. 15 is a graph of average ERG of AURORA for varying values of prediction
accuracy.

[0025] FIG. 16 is a flowchart illustrating a method of proactive mobile network optimization
according to an embodiment of the disclosure.

[0026] FIG. 17 is a flowchart illustrating a method of proactive mobile network optimization
according to another embodiment of the disclosure.

[0027] FIG. 18 is a schematic of a SON.

[0028] FIG. 19 is a schematic diagram of an apparatus according to an embodiment of the

disclosure.

DETAILED DESCRIPTION

[0029] Before describing various embodiments of the present disclosure in more detail by
way of exemplary description, examples, and results, it is to be understood as noted above that
the present disclosure is not limited in application to the details of methods and apparatus as set
forth in the following description. The present disclosure is capable of other embodiments or of
being practiced or carried out in various ways. As such, the language used herein is intended to
be given the broadest possible scope and meaning, and the embodiments are meant to be
exemplary, not exhaustive. Also, it is to be understood that the phraseology and terminology
employed herein is for the purpose of description and should not be regarded as limiting unless
otherwise indicated as so. Moreover, in the following detailed description, numerous specific
details are set forth in order to provide a more thorough understanding of the disclosure.
However, it will be apparent to a person having ordinary skill in the art that the embodiments of
the present disclosure may be practiced without these specific details. In other instances, features
which are well known to persons of ordinary skill in the art have not been described in detail to
avoid unnecessary complication of the description.

[0030] Unless otherwise defined herein, scientific and technical terms used in connection
with the present disclosure shall have the meanings that are commonly understood by those
having ordinary skill in the art. Further, unless otherwise required by context, singular terms
shall include pluralities and plural terms shall include the singular.

[0031] All patents, published patent applications, and non-patent publications mentioned in

the specification are indicative of the level of skill of those skilled in the art to which the present
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disclosure pertains. All patents, published patent applications, and non-patent publications
referenced in any portion of this application are herein expressly incorporated by reference in
their entirety to the same extent as if each individual patent or publication was specifically and
individually indicated to be incorporated by reference.

[0032] As utilized in accordance with the methods and apparatus of the present disclosure,
the following terms, unless otherwise indicated, shall be understood to have the following
meanings:

[0033] The use of the word “a” or “an” when used in conjunction with the term “comprising”
in the claims and/or the specification may mean “one,” but it is also consistent with the meaning

2%

of “one or more,” “at least one,” and “one or more than one.” The use of the term “or” in the
claims is used to mean “and/or” unless explicitly indicated to refer to alternatives only or when
the alternatives are mutually exclusive, although the disclosure supports a definition that refers to

2

only alternatives and “and/or.” The use of the term “at least one” will be understood to include
one as well as any quantity more than one, including but not limited to, 2, 3, 4, 5, 6, 7, 8, 9, 10,
15, 20, 30, 40, 50, 100, or any integer inclusive therein. The term “at least one” may extend up
to 100 or 1000 or more, depending on the term to which it is attached; in addition, the quantities
of 100/1000 are not to be considered limiting, as higher limits may also produce satisfactory
results. In addition, the use of the term “at least one of X, Y and Z” will be understood to
include X alone, Y alone, and Z alone, as well as any combination of X, Y and Z.

[0034] As used herein, all numerical values or ranges (e.g., in units of length such as
micrometers or millimeters) include fractions of the values and integers within such ranges and
fractions of the integers within such ranges unless the context clearly indicates otherwise. Thus,
to illustrate, reference to a numerical range, such as 1-10 includes 1, 2, 3,4, 5, 6, 7, 8, 9, 10, as
well as 1.1, 1.2, 1.3, 1.4, 1.5, etc., and so forth. Reference to a range of 1-50 therefore includes 1,
2,3,4,5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, etc., up to and including 50, as well
as 1.1, 1.2, 1.3, 1.4, 15, etc,, 2.1,22, 23,24, 25, etc., and so forth. Reference to a series of
ranges includes ranges which combine the values of the boundaries of different ranges within the
series. Thus, to illustrate reference to a series of ranges, for example, of 1-10, 10-20, 20-30, 30-
40, 40-50, 50-60, 60-75, 75-100, 100-150, 150-200, 200-250, 250-300, 300-400, 400-500, 500-
750, 750-1,000, includes ranges of 1-20, 10-50, 50-100, 100-500, and 500-1,000, for example.
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[0035] As used herein, the words “comprising” (and any form of comprising, such as
“comprise” and “comprises”), “having” (and any form of having, such as “have” and “has”),
“including” (and any form of including, such as “includes” and “include”) or “containing” (and
any form of containing, such as “contains” and “contain”) are inclusive or open-ended and do not
exclude additional, unrecited elements or method steps.

[0036] The term “or combinations thereof” as used herein refers to all permutations and
combinations of the listed items preceding the term. For example, “A, B, C, or combinations
thereof” is intended to include at least one of: A, B, C, AB, AC, BC, or ABC, and if order is
important in a particular context, also BA, CA, CB, CBA, BCA, ACB, BAC, or CAB.
Continuing with this example, expressly included are combinations that contain repeats of one or
more item or term, such as BB, AAA, AAB, BBC, AAABCCCC, CBBAAA, CABABB, and so
forth. The skilled artisan will understand that typically there is no limit on the number of items
or terms in any combination, unless otherwise apparent from the context.

[0037] Throughout this application, the term “about” is used to indicate that a value includes
the inherent variation of error. Further, in this detailed description, each numerical value (e.g.,
temperature or time) should be read once as modified by the term "about" (unless already
expressly so modified), and then read again as not so modified unless otherwise indicated in
context. As noted above, any range listed or described herein is intended to include, implicitly or
explicitly, any number within the range, particularly all integers, including the end points, and is
to be considered as having been so stated. For example, "a range from 1 to 10" is to be read as
indicating each possible number, particularly integers, along the continuum between about 1 and
about 10. Thus, even if specific data points within the range, or even no data points within the
range, are explicitly identified or specifically referred to, it is to be understood that any data
points within the range are to be considered to have been specified, and that the inventors
possessed knowledge of the entire range and the points within the range. Unless otherwise
stated, the term “about” or “approximately”, where used herein when referring to a measurable
value such as an amount, length, thickness, a temporal duration, and the like, is meant to
encompass, for example, variations of + 20% or £ 10%, or + 5%, or £ 1%, or + 0.1% from the
specified value, as such variations are appropriate to perform the disclosed methods and as

understood by persons having ordinary skill in the art.
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[0038] As used herein, the term “substantially” means that the subsequently described
parameter, event, or circumstance completely occurs or that the subsequently described
parameter, event, or circumstance occurs to a great extent or degree. For example, the term
“substantially” means that the subsequently described parameter, event, or circumstance occurs
at least 90% of the time, or at least 91%, or at least 92%, or at least 93%, or at least 94%, or at
least 95%, or at least 96%, or at least 97%, or at least 98%, or at least 99%, of the time, or means
that the dimension or measurement is within at least 90%, or at least 91%, or at least 92%, or at
least 93%, or at least 94%, or at least 95%, or at least 96%, or at least 97%, or at least 98%, or at
least 99%, of the referenced dimension or measurement (e.g., length).
[0039] As used herein any reference to "one embodiment" or "an embodiment" means that a
particular element, feature, structure, or characteristic described in connection with the
embodiment is included in at least one embodiment. The appearances of the phrase "in one
embodiment" in various places in the specification are not necessarily all referring to the same
embodiment.
[0040] The following abbreviations apply:

AllOn-HetNet: all cell on with heterogeneous network settings

AllOn-HomNet: all cell on with homogeneous network settings

ASIC: application-specific integrated circuit

AURORA: mobility-prediction-based, AUtonomous, pROactive eneRgy sAving

BS: base station

CCO: coverage and capacity optimization

CDF: cumulative distribution function

CDR: call detail record

CIO: cell individual offset

CPU: central processing unit

CQI: channel quality indicator

CS: cellular system

C-SON: centralized SON

CTMC: Continuous-Time Markov Chain

dB: decibel(s)

dBm: decibel-milliwatt(s)
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DSP: digital signal processor

DTMC: discrete-time Markov chain

ECR: energy consumption ratio

elCIC: enhanced inter-cell interference coordination
EO: electrical-to-optical

ERG: energy reduction gain

FPGA: field-programmable gate array

FTP: File Transfer Protocol

GPS: Global Positioning System

HetNet: heterogeneous network

HomNet: homogeneous network

ID: identifier

kbps: kilobit(s) per second

KPI: key performance indicator

LB: load balancing

LTE: Long-Term Evolution

MC: macro cell

MIMO: multiple-input, multiple-output
MINLP: mixed-integer, non-linear programming
mJ/bit: millijoule(s) per bit

MRO: mobility robustness optimization
NARN: near-optimal performance bound
NP: non-deterministic polynomial-time

OE: optical-to-electrical

OPC: optimal parameter configuration
P-ESO: proactive energy saving optimization
PRB: physical resource block

QCI: QoS class identifier

QoS: quality of service

RAM: random-access memory

RAT: radio access technology
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RF: radio frequency

ROM: read-only memory

RSRP: reference signal received power

RSRQ: reference signal received quality

RSS: received signal strength

RX: receiver unit

SINR: signal-to-interference-plus-noise ratio

SLAW: self-similar least action walk

SON: self-organizing network

SRAM: static RAM

TCAM: ternary content-addressable memory

TTI: transmission time interval

TX: transmitter unit

UDN: ultra-dense network

UE: user equipment

UIO: user individual offset

3GPP: 3rd Generation Partnership Project

5G: fifth generation.
[0041] Energy consumption in CSs can be reduced significantly by turning off underutilized
cells during off-peak hours or by optimizing resource allocation such that a minimum energy is
consumed per bit transmission. To exploit these approaches, recently energy saving has been
adopted as a key SON function by 3GPP and has been extensively studied in literature. Energy
saving enhancement with a focus on optimizing resource allocation despite of its relatively small
gain compared to turning off under-utilized BSs has been studied more extensively compared to
the latter approach. Resource allocation optimization can reduce energy consumption to a
limited degree for a given system throughput target. Energy saving of cellular systems can be
further enhanced by switching under-utilized BSs to a sleep mode or turning them off entirely
during off-peak time. In this direction of research, some recent works show promising results in
terms of potential energy saving. However, existing energy saving approaches fall short of the

mark for 5G requirements due to the following four limitations.
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[0042] First, currently there is a reactive mode of operation. Current energy saving SON
algorithms are designed to switch off/on cells after detecting network conditions that have
already taken effect. For example, when congestion is detected in a network, usually a non-
convex NP-hard energy saving algorithm is solved to identify certain sleeping/off cells, that
should be switched on. Using the same process, certain cells are switched off when a low load is
observed in certain cells. This is an improvement over fixed-timer-based switching on/off that
can at best follow a coarse statistical spatio-temporal traffic pattern and thus achieves energy
saving at a cost of QoS. However, given the acute dynamics of the traffic and cellular
environment, by the time congestion or low traffic conditions are detected and a realistic non-
convex NP-hard energy saving algorithm is solved to produce a new network on/off
configuration optimal for observed network conditions, the conditions may already change.
Thus, the newly determined switch on/off vector is likely to be suboptimal before it can be
actuated. This is a particular problem in 5G, where a diversity of traffic and a plethora of cell
types means the dynamics of the cellular ecosystem will be even more swift.

[0043] Second, a difficulty in meeting the SG low-latency requirement is that BSs requires a
certain amount of time to wake up from a sleep cycle. For a user entering a sleeping cell, this
time to wake up will add to the latency experienced by the user. This demands a paradigm shift
from the current reactive design of energy saving algorithms towards proactive characteristics to
cope with the low-latency requirements of 5G in a more agile fashion.

[0044] Third, currently there is an impractical cell discovery. A key challenge in switching
off-based energy saving schemes is how to discover an off cell when users enter into a physical
coverage area of the off cell. Existing energy saving schemes either overlook this challenge or
propose solutions that either exploit neighboring cells or a master controller to wake up the cell
when enough users enter into the coverage area of off cell. This approach may work in low-user-
density networks with large macro cells with relatively less stringent QoS requirements such as
LTE, but it may not scale to 5G because of signaling overhead, delays, and a cost of missing off
small cells for off-loading.

[0045] Fourth, SONs have a conflict-prone design. Current energy saving solutions are
oblivious to the fact that multiple SON functions may be prone to hidden or undesired conflict
when implemented together in a network. Two SON use cases that are relevant to the energy

saving in HetNets are CCO and LB because of the overlap among their optimization parameter



WO 2021/011131 PCT/US2020/037205

set. That overlap includes transmission power and CIOs. When an energy saving switches off
some cells, it may force some users to be associated to neighboring on cells and overload them,
thereby conflicting with CCO and LB SON functions. Such designs can degrade network
performance instead of improving it.

[0046] Disclosed herein are embodiments for proactive mobile network optimization. A
framework referred to as AURORA implements the embodiments to address the limitations
above. The embodiments make emerging cellular systems artificially intelligent and autonomous
so that they can anticipate user mobility behavior. This intelligence, in turn, is then used to
formulate a novel energy saving optimization problem that proactively schedules small cell sleep
cycles to divert and focus the right amount of resources when and where needed while satisfying
QoS requirements. First, a spatio-temporal mobility prediction framework is a building block of
AURORA. The model overcomes the limitations of conventional discrete time Markov chain
based prediction models that fail to incorporate the time dimension, for instance time of the next
handover. Next, a method maps the next cell spatio-temporal handover information to the
estimated future location coordinates based on landmarks. The method further increases the
spatial resolution of the future location estimation without requiring an increase in the number of
states for the semi-Markov model. The accuracy of the model is quantified through extensive
Monte Carlo simulations. Second, based on the knowledge of future cell loads gained from the
mobility model, a proactive energy saving optimization problem is formulated to minimize the
energy consumption by switching off underutilized small cells. In addition to proactiveness, the
energy saving scheme leverages CIOs as optimization variables for balancing load among cells
while deciding which cells to switch on/off. In this way, an additional UDN-specific mechanism
is exploited to ensure QoS while maximizing energy saving. Although the formulated problem
is non-convex large scale combinatorial and NP-hard, the results show that the structure of the
problems allows heuristics such as genetic programming to find good solutions with a high
energy saving yield. The ahead-of-time estimation of cell loads allows ample time for such
heuristics to converge without jeopardizing QoS. Third, multi-tier, system-level, 3GPP-
compliant simulations provide performance analyses of AURORA. The prediction accuracy of
the semi-Markov based mobility prediction model has been quantified using realistic SLAW
mobility model in a HetNets environment. The average location estimation error is about 28

meters, while relying only on one piece of information that is already available in the network,
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specifically the handover trace. Fourth, the impact of cell load thresholds on energy saving gains
and QoS is analyzed for proactive energy saving optimization. The results of the analysis
provide actionable insights for determining cell load thresholds that can judiciously strike the
intended balance among the conflicting goals of energy saving and QoS. Fifth, a comparative
analysis of the proposed solution, in low and high traffic demand scenarios with the latter
comprising all video users, is performed against several benchmarks, including industrial
practices. AURORA achieves 68% and 99% gain in the total network energy reduction for low
and high traffic demand scenarios, respectively, by putting under-utilized small cells in sleep
mode with a negligible number of unsatisfied users. Moreover, AURORA is compared with a
near-optimal performance bound that is achievable when future network load conditions can be
estimated with 100% accuracy. This comparison demonstrates that AURORA 1is reasonably
resilient to location estimation inaccuracies.

[0047] FIG. 1A is a schematic diagram 100 of AURORA according to an embodiment of the
disclosure. FIG. 1B-1 and 1B-2 are a schematic diagram 110 of AURORA according to another
embodiment of the disclosure. The schematic diagram 110 may be a more detailed version of
the schematic diagram 100. AURORA implements three primary functions: a semi-Markov
process based spatio-temporal next cell prediction, a mapping of next cell prediction to future
user location estimation, and proactive energy saving optimization based on future user location
estimation.

[0048] For the sake of conciseness, the description focuses on the downlink direction.
However, the embodiments apply to the uplink direction as well. It is assumed that all mobile
devices and small cells have omnidirectional antennas with a constant gain in all directions,
while macro cells have directional antennas. Frequency reuse of one is considered and the same
band is utilized by the macrocell and the small cells. A full buffer traffic model is used for each
user, so there is always data available to be sent for a user with constant bit rate service. A C-
SON architecture is assumed, where a centralized server in the core network performs system-
wide proactive energy saving optimization. Moreover, handover traces that include location
stamped information of past cell transitions such as cell IDs, RSRPs and call detail records are

assumed to be available to the C-SON server.
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[0049] Semi-Markov based Spatiotemporal Next Cell Prediction

[0050] A study analyzed real data for 10 million mobile users and showed that typical human
mobility features 93% average predictability. The embodiments exploit the idea that the
transition probability to a next cell can be predicted by modelling a user transition from one cell
to another as a Markov stochastic process and using handover history to estimate state transition
probabilities. DTMC has been commonly used in the literature for mobility prediction purposes.
As compared to more complex and more space-consuming compression-based predictors, the
Markov-based scheme can yield a more scalable solution as it does not need to store users’ past
movements. Instead, the crux of this information is captured by transition probabilities.
However, DTMC is memory-less and assumes a sojourn time is geometrically distributed and
each transition takes place in one unit time. Considering these limitations of the DTMC model,
the aforementioned works have utilized DTMC for only the spatial prediction i.e., identification
of a future cell only without any information about the time at which a handover may take place.
CTMC can be utilized for mobility prediction if the human mobility is assumed to be memory-
less and a cell sojourn time is assumed to be exponentially distributed. Human mobility exhibits
memory properties and can be best approximated with a power law distribution instead of
memory-less exponential distributions. Semi-Markov models allow for arbitrary distributed
sojourn times. Some approaches characterize prediction accuracy performance of semi-Markov
based models for mobility prediction. However, the disclosed embodiments use a spatio-
temporal mobility prediction model, a framework to transform that prediction into future cell
load estimates, and those load estimates to devise and analyze a proactive and QoS-aware

energy-saving solution.

[0051] Mobility prediction model: User mobility is modeled as a semi-Markov renewal
process {(X,,, T,,) : n > 0} with discrete state space C = {1,2,3...,z}, where 7}, is the time of n"
transition and X, is the state at #” transition. Each cell is represented by a state of the semi-
Markov process and a handover from one cell to another is considered as a state transition. It is
assumed that the process is time-homogeneous during the time period in which the model is

built.

12
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[0052] FIG. 2 is a state transition diagram 200 for a semi-Markov model. p;; is the
probability of transition from cell 7 to j. The associated time-homogeneous semi-Markov kernel
for user ‘u,” which is the probability of transition to a j* cell if the user has already spent time ¢

in i™ cell is defined as:

PP @ = Pr(X =, T8 - T < x =) (1)
= pPSP @ @)

where
by = ImyP©, py € P ©
= Pr(xi0 =i 1% = i) 4)

and
S = Pr (T8 -1 < e =X = i) )

Here pi(,ljl)is the probability of a handover of user ‘u’ from cell 7 to j, P is the probability

transition matrix of the embedded Markov chain of user ‘u’ given as:

)] () (w)
Pii P12z - Pig
() () (w)
P® =P,y DPrs o Pas (6)
@ @ @
pz,l pz,z e pz,z
and Si(l;l) (t) is the sojourn time distribution of user ‘u’ in cell 7 when next cell is j. The probability

that the user “u’” in cell 7 will leave cell ‘i’ before or at time ‘t” regardless of the next cell is

defined as:
A0 =pPr(T8 -1 <X =) M
zZ
- zlpi(f;)(t) Jj#i (8)
=1

Now the time-homogeneous semi-Markov process of user ‘u’ is defined as X = (X;,t € RZ) with

state transients as:
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o =Pr(x =1 X =) (9)
z t
= (1-2%®) s, + Z f(p,ﬁj}(t — 1) dyi) (¥) (10)
m=19
SRAARG,
_ (1 - Agu)(t))ai,j + 2 f %cpfg(t —Ddr (11)
m=19

where §; ; is the Kronecker function defined as:

O,fori+#j
61_’]_:{ f J

1,fori=j (12)

[0053] Integral equations (10) and (11) are Volterra equations of the first and second kind,

and the integral is the convolution of 1/J.(u)(.) and gb(u).(.) ie. l/)-(u) * gb(u).. It gives the

i,m m,j im m,j

probability that user ‘u’ starting in cell 7 will be in cell j by #. The first part of the right-hand side
is the probability that the user, being in cell i, never leaves cell 7 until the end of the period 7.
The second part of the right-hand side of the equation accounts for all cases in which the
transition from 7 to j occurs via another cell m # i applying the renewal argument. First, the

probability that the user stays in cell 7 for a period of length 7 and then goes to cell m is given by

l/)l(;g (7). Handover to this new cell m can be interpreted as a renewal of the process because the
expected behavior of the user from then on is the same irrespective of when the user enters cell

m. Therefore, the probability that the user that is in cell m at 7 will be in cell j at 7 is given by
qb,(#}(t— 7). As the transition from i to m can occur anytime between O and ¢, all possible

transition times are considered by the integration over 1. To this end, the evolution equation (11)

can be re-written for a discrete-time homogeneous semi-Markov process as:

z k
20 =R + > Y v@ Ltk — D) (13)
m=171t=1
) ) ) ap{ (z) .
where hi,j (k) = (1 — A (k)) 6;;and v - (k) = % can be approximated as follows

assuming a time step is equal to the unit:

k) = {wﬁfzux fork =1

v,
" l/’i(,lrg(k)— nbf,i‘,i(k—l), fork>1

(14)
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[0054]  As P®™ s a right stochastic matrix, ¥ (k) and ¢ @ (k) will also be right stochastic

matrices, so that %7, 1/)1.(,1;)(1() =27, ¢i(,1;)(k) =1Vvi,j €C qbi(,?)(k) gives the probability

that a user is in cell j after £ time from time instant when he made a transition from one place to

cell 7. However, to predict the location of a user at every k' time steps, the probability

o~

gbi(,?)(k’, s) = P(Xs(ﬁ, =j | X =i, tso; = S) has to be estimated. That probability is the

probability that a user is in cell j after k' time given that the current cell is 7 and a user has stayed

in cell / for a sojourn time tg,; = s. It can be evaluated as:

W) . W) :
PlX. . =) tei=s|Xy, =1
~ , +k sSoj 0
gbi(f;)(k ,S) = ( > |

(15)
P(tso; = s | X = 1)
500 5) - R (s + KD + Bt B3 v (0 d (5 + K = 1) 6
ij N 1— Az@ (s)
[0055] For s = 0O: glA)i(f;)(k’, s) = gbi(,?)(k). A steady state distribution of a semi-Markov

model is leveraged to analyze a long-term cell association of the users. This can help to identify

the cells where users spend most of the time and further can be utilized to validate the proposed

framework. The steady-state distribution of the semi-Markov {®) = [ 1(u), z(u), §u), (s
given as:
W)W
.Y
@ _ ;o .
O T R "
where [niu), ngu), néu), s néu)] is a positive solution to the following balance equations:
(W) @ (w) :
= ) mp 1<j<c (18)
] ; )
Yo =1 (19)

i=1
and lc.(u) ,1 <j < c is the mean sojourn time of user ‘#’ in cell ;.

[0056] Utilizing the past handover history of user ‘u#’ <time, Cell ID>, probability transition

matrix P and sojourn time distribution matrix S™ can be initialized as follows [37]:
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N
W _ LI
bij = Ni(u) (20)
and
(W)
N
@y _ ik
500 =~ 1)

Lj
where NS‘) is the number of handovers of user ‘u’ from cell 7 to j, NL(JL is the number of
handovers of user ‘#’ from cell 7 to j with sojourn time less than or equal to 4, and Ni(u) is the

total number of handovers of user ’u’ from cell ;. Whenever there is a handover from cell 7 to j,
it updates p; ; and S; ;(k) and computes l/) “(k) and /l(u)(k) Finally, gb(u)(k) and gb(u)(k’ s)
are computed. The cell with the highest probability is chosen as the predicted future destination
so that max;ey; gb( )(k’ s), where N; is set of all neighboring cells of cell 7. In this way, after

every k' time steps, the next handover tuple information for each UE {C}, T%,} is generated,

where C}, is a next probable cell of user ‘u’ at time T} .
[0057] Future Location Estimation

[0058] The UE’s current location coordinates at time instant ‘k’ is assumed to be

=(xy,yy) and the next cell handover tuple information for each UE is assumed to be
{C, TEo} That information is used for estimating the UE’s future location coordinates in a next
time step k + k’. Knowing that nodes in a network usually move around a set of well-visited
landmarks with a fairly regular landmark trajectory, past mobility logs of UEs are used to
estimate most probable landmarks visited by each UE in each cell. This information is then
utilized to estimate a direction of trajectory from a current location while a distance to be

travelled in that direction is estimated using a next cell handover time Tygo. Assuming the

coordinates of a most probable landmark for UE ‘u’ in a next cell ‘C{’ are l(cu = (x(cu ,y(cu o,
then a unit vector Ul originating from the current coordinates in a direction of (x(cﬁ , chg i) is given
as:

[lLM — ] o

=
[CRE]
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where ||.]| is Euclidian norm. The future coordinates at time step k + k' can be estimated as:
) w_u)’
y ) (el —xt) + (il - k) , (23)
vk = e + T® * k0
HO

[0059] FIG. 3 is a pseudocode 300 for a next location estimation algorithm.
[0060] Energy Saving Optimization

[0061] Given the next probable handover tuple and estimated future location [,/ for all
users, an on/off sleeping mechanism for small cells for a next time step k + k' is devised to
minimize network wide energy consumption. The sleeping schedule is ensured to satisfy
coverage KPI and QoS requirement of each UE located at its estimated future location [,/ as
well as satisfying a maximum loading constraint for each BS. The total instantaneous power

consumption of a cell can be given by the sum of circuit and the transmit power as:

Pt = A (Pee + 1 Pt) (24)
where Pf; is the constant circuit power which is drawn if a BS in cell ¢ is active and is
significantly reduced if the BS goes into sleep mode, P is the transmit power of cell ¢, 7,
denotes the load and A, is an indicator variable that will be 1(0) for an on/off BS in cell ¢. One
way to quantify energy savings is to leverage the performance metric criterion ECR. The ECR
for a cell is defined as the amount of energy consumed in Joules per each bit of information that
is reliably transmitted in that cell calculated as:

ECR, = P (jou.les) (25)
Yy, wp * f(yi) ~ bit

where f(yy) is a function that returns achievable spectral efficiency of user # at a given SINR vy

and w} is the bandwidth assigned to user u. f(yg) can be defined to take into account post-
processing diversity gains such as the ones harnessed by MIMO or loss incurred by system-

specific overheads using f(y) := Alog,(1 + B(y)). Here, A and B are constants taken as 1 in the

u

simulations studies without loss of generality. The SINR ¢, at an estimated user location [,/

at time step k + k' when associated with a cell ¢ is defined as the ratio of a reference signal
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received power P*, by user u# from cell ¢ to the sum of a reference signal received power by user

u from all cells i such that Vi € C/c, and the noise variable k:

Pf G, GiSa(dy)™F

?15 (k+k') = } : N8
K+ Zvie(ﬁ/c PthuGlll(sa(d‘b,)

(26)
k+k'

where Pf is the transmit power of cell ¢, G, is the gain of user equipment, G is the gain of a

transmitter antenna of the cell ¢ as seen by the user u, § is the shadowing observed by the signal,

u

a is the path loss constant, dj; represents the distance of estimated user location of u ie., [,

from cell cand f is the pathloss exponent. The time subscript on the right hand side of (26)
indicates that all terms enclosed within [.], ., are considered for the next time step k + k’. It is
assumed that shadowing estimate information for the estimated user location is available with a
normally distributed error. In a practical network, channel maps building on the minimization of
drive test reports recently standardized by 3GPP and CQI reports collected can be utilized to
estimate channel gains in estimated locations. ?ﬁlk +' 18 a fully-loaded SINR expression and is
valid only when all cells are fully utilized. The actual interference from neighboring cells based

on their respective loads is utilized as follows to calculate the SINR for data transmission:

PfG,GESa(dg) P
. . Y]
K+ Zvie(ﬁ/c niPthuGlltcsa(dllt)

where 7; denotes a cell load in a cell i at time step k +k’. This way of weighting the

Vi (k+k') =

(27)
k+k'

interference power received from each cell with its current resource utilization yields a certain
coupling of the total interference with different cell utilizations. More loaded cells contribute
more interference power than less loaded ones. For an LTE network, instantaneous cell load can
be defined as the ratio of PRBs occupied in a cell during a TTI and total PRBs available in the

cell. This indicator is available as a standard measurement in LTE as "uplink/downlink total
PRB usage.” The number of PRBs allocated to each user depends on the QoS that the user
requires and an achievable SINR. For instance, if the QoS is defined in terms of the required
data rate, more PRBs are assigned to a user with a higher rate requirement or one with a lower
SINR. The total load of cell ‘¢’ at time step k + k’ will be the fraction of the total resources in

the cell required to achieve a required rate of all users of a cell given as:
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1 T
k+k') = —E - 28
e ) lNc ue wglog, (1 + %) (28)

k+k'

where wpg is the bandwidth of one resource block, N, is the total number of resource blocks in
cell ¢, 7, 1s the minimum required rate of the user, and w, is the number of active users
connected to a cell ‘c’. It is a virtual load as it is allowed to exceed one to give us a clear
indication how overloaded a cell is. The required rate in the numerator is the minimum bit rate
required by the user depending upon the QoS requirements of the services and user subscription
level. In LTE, there does not exist a method to estimate the throughput required by the user.
Only historical throughput of the user can be estimated after an allocation of resources.
However, 3GPP standards do define a metric called QCI. The primary purpose of QCI is to
prioritize users based on their required resource type, packet delay susceptibility, and packet
error loss rate. The definition of desired throughput can build on QCI. In a more robust
approach leveraging network analytics, 7,, can be modelled as a function of subscriber behavior,
subscription level, service request patterns, and the applications being used. The set of users

connected to cell ¢ is determined by the user association criterion:

w;: = {V u €Eu |j = argvrrcleg%:(Prclu + PCCIO)} (29)
where B¢, is the true reference signal power in dBm received by user u from cell ¢ and P§;, is
the bias parameter CIO. This CIO is primarily used to offset a lower transmit power of small
cells to transfer more load to them. In case some underutilized cells are turned off, remaining
cells need to have maximum utilization to cater the transferred load from underutilized cells.
However, the downside of biasing is that UEs are no longer necessarily connected to the
strongest cell. As a result, SINR is bound to be lower with higher CIO values. However, CIO is
still a necessary measure to balance the loads. The capacity loss due to the drop in SINR can
partially be offset if the serving cell has more free PRBs that can be allocated to that user,
compared to PRBs in the previous serving cell to satisfy the required QoS. This highlights the
importance of CIO to control the tradeoff among network load balancing, CCO, and energy
consumption. In case of energy saving optimization with guaranteed minimum QoS
requirements, it might not make sense to look at throughputs since the UEs either get exactly the
constant bit rate or they are unsatisfied. Hence, a more appropriate performance metric to

analyze is the number of unsatisfied or dropped users ‘N’ given as:
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Nyo(k + k') = [zmax o,z 1.(1 _n_1c> (30)

k+k'

where Y, 1. sums up to a total number of users in cell ¢ while (1 —nl) is a modulation
c

parameter indicating what percentage of users in that cell are unsatisfied. Here, 7, is allowed to
exceed 1 to give a clear indication how overloaded a cell is. When 75, = 1, the inner summation
in will be zero, meaning all users in cell ¢ are satisfied. When 7, = 2, the inner summation will
be equal to half of the number of users of cell ¢, meaning half of the users are satisfied. An outer
summation sums up to a total number of unsatisfied users in the whole network while a max
operator is used since the number of unsatisfied users cannot be negative in underloaded cells.
The unsatisfied users would not be admitted to enter the system or they would be dropped if they
are already active.

[0062] Now the general energy consumption minimization problem for time step k + k' is as

follows:

min YECRJ (1)

R

A°.(Pec +n.Pr)
(32)
PG, Grda(ds)?
K+ Sviec/e MPLGuGuda(dy)# ||

Cmin
A, Pl

2u, wi-log, (1 +

where w; : = {V u€Eu |j = argmaXy . ¢ (C(Prc,u + PCCIO)} subject to:
Pciomin < Péro < Pciomax ¥ € € SC (33)
A €{0,1}vc€eSC

1 1 . c
mzmz 1(Pr,u = th)ZZD
C ¢ e

T, =T, VueEu
[0063] The objective is to optimize the parameters A€, P¢,, of small cells (SC) such that an

energy consumption ratio in all cells is minimized while ensuring coverage reliability and
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satisfaction of user throughput requirements. The first two constraints define the limits for the
CIOs and on/off state array, respectively. These are the constraints that will determine the size
of solution search space. The third constraint is to ensure minimum coverage. Here, Pg, is the
threshold for the minimum received power for a user to be considered covered, @ defines the
area coverage probability that an operator wants to maintain, and 1(.) denotes an indicator
function. The fourth constraint ensures each user gets the required minimum bit rate depending
upon the QoS requirements of the service and user’s subscription level. This is due to the fact
that to achieve an ECR minimization objective, a CIO of the remaining on small cells may be
increased to offload users of switched off cells into their coverage umbrella. The consequences
are that the received power P, of offloaded users may become worse, leading to a degraded
SINR and throughputs. The effect of a decreased SINR can be offset by allocating more
resources only if the received power by the user is above a certain threshold. Therefore, this
fourth constraint ensures that a minimum throughput is guaranteed for all users in all cases.
However, this can only happen when the number of resources available in a cell are sufficient to
meet a user requirement, therefore, this constraint is complemented with a constraint on cell load
1. <1, withny € (0,1].

[0064] For load balancing, the optimization objective will become:

min - [~log(1 = ne(P§, Wiue, B BS, B, Phro) e (34)

P{ e 96.BS.BEPEI0
where Yy;,; is the tilt angle of serving cell antenna, B;, and B, are the horizontal and vertical
beam widths of the transmitter antenna of cell ¢ respectively, ¢ is the azimuth of antenna of cell
c. Since 7, denotes the resource utilization of cell ‘¢’, term (1 — n,) represents the amount of
resources available at cell ‘c’. The objective is to optimize the parameters Pf, Yg:, Ps,
B, By, P& such that logarithmic sum of idle resources in all cells is maximized while ensuring
coverage reliability and satisfaction of user throughput requirements. The log utility function
leads to a kind of proportional fair treatment of the individual cells. Given the next probable HO
tuple and estimated future location [,/ ./ for all users, load balancing optimization for next time
step k + k' is solved in such a way that network load is minimized while satisfying coverage KPI
and QoS requirement of each UE located at its estimated future location I, ./ as well as

satisfying maximum loading constraint for each BS.
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[0065] The formulated combinatorial optimization problem in (32-33) contains both
continuous P¢,, and binary A€ decision variables. It can be identified as an MINLP problem.
The inherent coupling of the on/off state vector, CIOs, and cell loads indicate it is a large-scale
non-convex optimization problem. There are two problem parameters per cell whose effects on
the optimization function are not independent, so the complexity is expected to grow
exponentially with the number of cells. Hence, an exhaustive search for the optimal parameters
may not be practical for a large network due to a high-complexity time search that needs to be
done in real time. For a practical scenario with 50 small cells and only CIO as an optimization
variable with ten possible values available at each small cell, there are 10°° possible settings.
This is approximately equal to the number of atoms on earth. Therefore in order to solve the
formulated energy saving problem, a genetic algorithm is used. The reason being is that it is an
attractive heuristic technique for a multi-variable MINLP problem with a large variable count
and enormous search space. Due to its random nature, the genetic algorithm significantly
improves the chance of finding a global solution, especially for highly non-linear objective
functions. It is also important to note that the genetic algorithm starts from a random parameter
set in the solution space and does not require a feasible point to start a search. Consequently,
based on an estimated network state for time step k + k', AURORA devises an optimal on/off
state array and CIO values for all the small cells ahead of time such that an energy consumption
ratio of the whole network is minimized. The on/off state array and CIO values remain fixed
from k to k'. As in a practical network, small cells need some non-zero time in switching their
state, so the proposed strategy gives ample time of k’ duration for small cells to switch to an

optimal on/off state.

[0066] Performance Analysis

[0067] First, the mobility prediction accuracy of the semi-Markov based model is analyzed.
Second, the potential energy savings resulting from the application of AURORA on HetNets is
analyzed. Its performance is benchmarked against four schemes (i): NARN, where it is assumed
that AURORA estimates future location and channel estimate at that location with 100%
accuracy; (i1): AllOn-HomNet, where all cells are on and no CIO is utilized for small cells; (ii1)

AllOn-HetNet, where all cells are on and a fixed CIO of 10 dB is utilized for all small cells; and
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(iv) a reactive scheme that is simulated by delaying user location information, i.e., optimization

with ny=1 is done based on location information of past one minute.

[0068] Simulation Settings: A typical macro and small cell based network and UE

distributions leveraging LTE 3GPP standard compliant network topology simulator was

generated in MATLAB. The simulation parameters details are given in Table I.

System Parameters Values
Number of Base Stations 7
Sectors per Base Station 3
Small Cells per Sector 5
Number of UEs Mobile: 84, Stationary : 336
Mobility Model SLAW
Transmission frequency 2 GHz
Transmission Bandwidth 10 MHz
Network Topology Hexagonal

Small Cell distribution

Uniform within Sector

UE distribution

Non- uniform with independent hotspots

UE Traffic Demand

e Low Traffic Demand: 5 classes
(Voice, Text Browsing, Image
Browsing, FTP, Video) uniformly
distributed

e High Traffic Demand: All Video users

Macro Cell Tx Power

46 dBm

Macro Cell Tilt 102"

Small Cell Tx Power 30 dBm

Small Cell CIO Max: 10 dB, Min: 10 dB
Cellular System LTE

Network Deployment Clutter Urban

Macro Cell Height 25m

Small Cell Height 10 m
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UE Height I.5m

Inter-site Distance 500 m

Area Coverage Probability @ 100%

Prediction Interval k' 1 minute

Total Simulation Duration 60 minutes

Benchmarks (1) NARN : AURORA with 100% accurate
estimation of future location and channel
characteristics
(i) AllOn-HomNet: All Small Cells ON,
CIO: 0dB
(iii) AllOn-HetNet: All Small Cells ON, CIO:
10dB

Table 1. Simulation Parameter Settings

[0069] A wrap-around model simulates interference in an infinitely large network, thus
avoiding boundary effects. To model realistic networks, UEs were distributed non-uniformly in
the coverage area such that a fraction of UEs were clustered around randomly located hotspots in
each sector. Monte Carlo style simulation evaluations estimated average performance of the
proposed framework. A SLAW mobility model was used. Contrary to the conventional random
walk models, where movement at each instant is completely random and chosen randomly from
a set of allowed speed and angles, SLAW has been shown to be a highly realistic mobility
model. It exhibits all the characteristics of real-world human mobility, including the following:
(1) truncated power-law flights and pause-times: the lengths of human flights, which are defined
to be straight line trips without directional change or pause, have a truncated power-law
distribution; (i1) heterogeneously bounded mobility areas: people mostly move only within their
own confined areas of mobility and different people may have widely different mobility areas;
(ii1) truncated power-law inter-contact times: the times elapsed between two successive contacts
of the same persons follows truncated power law distribution; and (iv) fractal waypoints: people
are more attracted to more popular places. Therefore, the accuracy of AURORA tested using

mobility traces generated by SLAW is very likely to represent its true performance in a real
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network. The SLAW mobility model was utilized to generate handover traces of 84 mobile users
for one week, out of which traces for the first six days were utilized to build and train semi-
Markov mobility model for each of the 84 UEs. Moreover, an additional 336 stationary UEs
(80% of total UEs) were deployed to generate additional loading on the network.

[0070] For traffic demand, two scenarios were considered: (i) low traffic demand comprising
five different uniformly distributed UE traffic requirement profiles corresponding to 24 kbps
(voice), 56 kbps (text browsing), 128 kbps (image browsing), 512 kbps (FTP), and 1024 kbps
(video) desired throughputs, and (ii) high traffic demand, where all UEs are video users.
Without a loss of generality and keeping operational complexity in mind, the prediction interval
k" was set as 1 minute in our simulation study.

[0071] Mobility Prediction Accuracy: For benchmarking prediction accuracy of the semi-
Markov based model trained on six days training data, (13) and (16) were used to predict serving
cells of all UEs for the next whole day after every k’ time step.

[0072] FIG. 4 is a combined scatter and box plot 400 of next cell prediction accuracy.
Accordingly, a maximum prediction accuracy of 87.70% was achieved, and a mean value of
81.46% was achieved when choosing the top most probable cell among all future next cell
candidates (1-cell prediction). The predictor performs exceptionally well since prediction the
interval is only one minute. This prediction can be enhanced further by decreasing a &' interval
length with a corresponding increase in computational complexity. The effect of choosing the
two top most probable future next cell candidates (2-cell prediction) was also analyzed. The
prediction accuracy got a little boost with a mean value reaching up-to 84.39%. However, this
gain is not that significant given it already has very high accuracy.

[0073] Next, based on next cell handover tuple information for each UE {C{, T};o}, future
location coordinates were estimated using algorithm 1 for all UEs for a one hour simulation
duration after every k’ time steps.

[0074] FIG. 5 is a combined scatter and box plot 500 of an average estimation performance.
A maximum distance error between estimated and actual coordinates was around 33 meters, and
a mean value was around 27.5 meters. The location estimation algorithm performed
exceptionally well. One particular reason for high accuracy is that the SLAW model is for
pedestrian users. Therefore, a location of a user changes slowly as a function of time and thus

remains relatively more predictable. With high speed, accuracy is expected to degrade, but then
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knowledge of the street layout can be exploited to maintain accuracy. Similar to next cell
prediction accuracy, the estimation performance can be enhanced further by decreasing a k'
interval length with a corresponding increase in computational complexity.

[0075] FIG. 6 is a graph 600 of average location estimation error. The symmetric shape of
the box plot and the absence of outliers in the combined scatter and box plot 500 suggest that a
normal distribution is a good approximation for the average location estimation error distribution
as also shown by the graph 600.

[0076] FIG. 7 is a bar chart 700 comparing an ECR for AURORA to ECRs of other schemes.
[0077] Quantifying Energy Saving Potential of AURORA: The bar chart 700 shows ECRs
for low and high traffic demands with varying values of load thresholds n; along with that of
AllOn-HomNet, AllOn-HetNet, and reactive schemes averaged over 1 hour duration. For
visualizing ECR ranges for both traffic classes in the same figure, the y-axis has been plotted in
logarithmic scale. The load threshold range is [0.6, 1] since below 0.6 there was no feasible
point returned by the P-ES optimization algorithm (31-33). ECR values are higher for a high
traffic demand scenario as more small cells need to be switched on to accommodate a high load.
Moreover, AURORA exhibits a linearly decreasing trend with increasing values of ny. It is
significantly much less than the conventional AllOn schemes for all load threshold values
because, for AllOn schemes, all cells are ON at all times, thus increasing energy consumption,
which is bound to further escalate with densification. At lower ny values, the ECR for
AURORA is higher since a smaller n value compels the AURORA to keep on a larger number
of underutilized small cells. For instance, at ny = 0.6, AURORA switches on a next small cell as
soon as the utilization of current on small cells reach 60%. Thus, on average, a large number of
small cells will be turned on for smaller nr values, thus increasing energy consumption.
Moreover, with a large number of small cells turned on, there is a higher chance that location
estimation inaccuracy results in turning on small cells with a very low load or no load and thus a
very high ECR. On the other hand, larger values of n; enable AURORA to switch off a large
number of small cells. For instance at n = 1, AURORA will switch on a next small cell only
when the utilization of current on small cells reaches 100%. As a result, ECR is expected to
decrease and the same trend is observed for NARN. On one hand, with an increasing value of
nr, a smaller number of small cells are turned on, thus there is less of a chance of any turned on

small cells with a very low load or no load. On the other hand, with increasing nr values,
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AURORA switches on the smallest possible number of small cells and all of them are almost
fully utilized with very few resources to spare. As a result, inaccuracy in location estimation will
result in an increased risk of blocking of the UEs, hence an increased number of unsatisfied
users, thereby negatively affecting QoS. However, as a number of fully utilized small cells is a
more dominant factor in determining overall ECR as compared to a slight increase in the number
of unsatisfied users, overall ECR reduces. The comparison of AURORA with a reactive scheme
shows that ECR for a reactive scheme is higher as compared to AURORA. This is because in
the reactive scheme, due to delayed user location information, outdated configuration settings
that are suboptimal for a current instant are applied to the network. This increases the percentage
of unsatisfied users by, on average, 1.85% with AURORA at ny = 1, but 4% with the reactive
scheme at a high traffic load and hence higher ECR. Moreover, ECR for AllOn- HomNet is
slightly higher as compared to AllOn-HetNet. This is because higher CIO values used in AllOn-
HetNet compels small cells to be more utilized and hence reduced ECR as compared to AllOn-
HomNet scheme.

[0078] The potential energy savings resulting from the application of AURORA Framework
on HetNets is further quantified by computing Energy Reduction Gain (ERG) [40], [41]
performance metric given as:

ECRBenchmark - ECRAURORA

ERG = ( )x 100% (35)

ECRBenchmark
[0079] FIG. 8A is a graph 800 comparing an ERG for AURORA to ERGs for other schemes

with a low traffic demand. FIG. 8B is a graph 810 comparing an ERG for AURORA to ERGs
for other schemes with a high traffic demand. The ERGs are average ERGs with varying values
of load thresholds n against AllOn-HomNet and AllOn-HetNet schemes averaged over 1 hour
duration. For low traffic demand at ny = 0.6, up to a 99.5% ERG is achieved with AURORA
that rises to around 99.8% with nr = 1, which is equivalent to that achievable with NARN. For
a high traffic demand, AURORA has a low ERG of around 17% at ny = 0.6 that rises to around
68% for ny = 1. The performance gap between AURORA and NARN is higher since, at high
traffic demand, the effect of location estimation inaccuracy is magnified, leading to an increased
number of unsatisfied users as compared to NARN, where there is no unsatisfied user.

[0080] FIG. 9 is a bar chart 900 of an average number of small cells put to sleep with
AURORA and NARN. The bar chart 900 shows varying values of 17 for low and high traffic
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demand. A small number of small cells can be put to sleep for meeting needs of high traffic
demand. The number of small cells put to sleep continues to increase with . This is because,
with an increasing value of 1, a small cell is utilized more before turning on a next small cell.
In other words, more small cells are put to sleep at higher values of . Since load coupled
interference also increases with 1y, an optimization algorithm returns an optimization
parameters configuration (1€ and P§;,) that minimizes an overall energy consumption ratio.
[0081] FIG. 10A is a diagram 1000 of small cell states for a low traffic demand. FIG. 10B is
a diagram 1010 of small cell states for a high traffic demand. The states are at the same time
instants. For high traffic demand, a majority of the small cells are turned on. For brevity,
subsequent results correspond to a high traffic demand scenario when it follows the same trend
as for a low traftic demand.

[0082] FIG. 11 is a bar chart 1100 of an average percentage of satisfied users under
AURORA versus load threshold energy efficiency. At low ny values, plenty of free resources
are available in relatively more number of available BSs, hence more users are served with
enough resources to meet their minimum QoS requirements. Even with location estimation
inaccuracies, the UEs will still have a better chance to get enough resources and be satisfied.
However, more small cells are turned on at low 1 with more chance of being underutilized and
hence lower energy efficiency. As an n; value becomes higher and approaches 1, AURORA
returns such an OPC (A€, P,,) that results in the smallest possible number of switched on small
cells and all of them almost fully utilized with very few resources to spare. Thus, there is a slight
location estimation inaccuracy that can result in an increased risk of blocking and a decrease in
the number of satisfied users. Contrary to that, fewer cells turned on with more utilization
improves energy efficiency of the network. For a high traffic demand scenario, even at ny =1,
the percentage of satisfied users is above 98%.

[0083] FIG. 12 is a box plot 1200 of cell loads of on cells for AURORA and NARN. In the
box plot 1200, nr = 0.6 and 1, and AllOn schemes are also shown. In case of AllOn-HomNet
and AllOn-HetNet, since all cells are kept on, most of the cells are underutilized with a mean
utilization of 7.74% and 8% in AllOn-HomNet and AllOn-HetNet, respectively. This results in a
higher ECR. With AURORA and NARN, at a lower value of ny i.e., 0.6, some small cells are
switched off and thus utilization of remaining on cells relatively increases with a mean utilization

0f 30.9% and 27.6%, respectively. At a higher value of n7, i.e., 1, a large number of smalls cells
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are switched off, and the few ones which are on are relatively more utilized with a mean
utilization of 55.8% and 44.2%, respectively. The average CIO values are indicated on top of
each box plot. At a higher nyvalue of 1 as compared to a lower value of 0.6, on average,
relatively larger CIO values have been leveraged. This is because, when fewer cells are switched
on, CIO values of on small cells are boosted up to serve the users of off cells. In this way, CIOs
complement the proactive energy consumption optimization by serving as a guiding parameter in
directing users to suitable cells such that overall ECR reduces while satisfying QoS
requirements.

[0084] FIG. 13 is a graph 1300 of CDF versus SINR for AURORA and NARN. In the graph
1300, nr= 0.6 and 1 along with the AllOn-HomNet and AllOn-HetNet for a high traffic demand
scenario. At a higher value of 7 1.e., 1, load coupled interference from neighboring BSs is very
high. Therefore, SINR is negatively affected for AURORA and NARN as compared to AllOn-
HomNet and AllOn-HetNet. When CIOs are leveraged, degraded SINR is a natural outcome.
However, it does not mean a degraded system-wide performance as long as loss in throughput
caused by a lower logarithmic SINR term is offset by an increased number of PRBs allocable to
users. This is how it strives to guarantees their minimum QoS requirements as shown in FIG. 11.
At a smaller ny value of 0.6, more small cells are turned on with a relatively smaller load. This
reduces an overall interference floor in the network and hence SINR improves that is higher than
that achievable at an n value of 1. For AllOn-HomNet and AllOn-HetNet schemes, all small
cells are on and highly underutilized, hence there is a higher SINR. However, this gain in SINR
comes at a cost of higher energy consumption, so for AllOn-HomNet and AllOn-Hetnet ECR is
109 mJ/bit and 107 mJ/bit, respectively, which is much higher as compared to AURORA, which
is around 36 mJ/bit achievable at nr = 1.

[0085] FIG. 14A is a diagram 1400 of an average long-term cell occupancy probability of
users. FIG. 14B is a diagram 1410 of an average percentage of on small cells with AURORA for
a low traffic demand. FIG. 14C is a diagram 1420 of an average percentage of on small cells
with AURORA for a high traffic demand. The diagram 1400 is computed using (17-19). As
shown, users spend most of their time in macro cells 5, 1, 19, 20 and 21 (denoted by stars). This
information can be utilized for validation of AURORA. The diagram 1410 is for a one hour
simulation duration. As is evident, more small cells were turned on in macro cells 9, 20, 5, 19

and 1 (denoted by stars). Hence, on average, AURORA kept more small cells switched on in
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cells where users had a longer sojourn time. Few discrepancies are observed. The difference
with macrocell 21 can be attributed to location estimation inaccuracies, as well as rate
requirements of UEs in those cells. Thus, even with a higher cell occupancy probability of users
in a particular macrocell, if a cumulative rate requirement of UEs is low, then small cells in that
macrocell will remain switched off most of the time. The diagram 1420 shows more small cells
that are on.

[0086] Quantifying Effect of Mobility Prediction Model Inaccuracy on Potential Energy
Saving: One can anticipate that the energy saving gain of AURORA will depend on the accuracy
of the underlying mobility prediction model. However, that dependence can be analyzed by
varying the underlying user mobility model such that it includes a varying degree of randomness
and hence predictability. To vary the degree of randomness in the mobility traces, the two key
parameters of SLAW, namely variance in pause times and percentage of random waypoints,
were changed from default values to larger values to increase randomness in the mobility
trajectory of the UEs. Four sets of gradually increasing initialization parameters were used that
resulted in increasing randomness in user mobility. The prediction model trained on these four
set of traces exhibited average prediction accuracy of 85%, 75%, 65%, and 55%.

[0087] FIG. 15 is a graph 1500 of average ERG of AURORA for varying values of
prediction accuracy. The graph 1500 considers both AllOn-HomNet and AllOn-HetNet schemes
averaged over 1 hour duration for a high traffic demand scenario. As shown, the gain of
AURORA decreases with a decrease in prediction accuracy. However, as long as mobility is
predictable with 55% or higher accuracy, AURORA continues to yield ERG. Given that typical
human mobility features 93% predictability when averaged over a large real user sample space,
AURORA is a promising approach. However, human mobility is bound to have some
randomness that translates to prediction inaccuracy. The high frequency periodic update aspect
of the future location probabilities is one of the possible ways to cope with the prediction
inaccuracies as the effect of the prediction inaccuracy is only limited to the prediction interval.
Another way is to make it adaptive so that AURORA continuously analyzes its performance and
falls back to an AllOn scheme when prediction accuracy drops below 55%. Moreover, selecting
top-2 probable locations can also be chosen as a strategy to improve the prediction accuracy,

albeit at a cost of reduced ERG.
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[0088] FIG. 16 is a flowchart illustrating a method 1600 of proactive mobile network
optimization according to an embodiment of the disclosure. At step 1610, a prediction model
that predicts next cells of UEs in a future time step of a mobile network is built. At step 1620,
the next cells are mapped to future user locations. At step 1630, future loads of BSs in the
mobile network are determined based on the future user locations. At step 1640, an optimization
of the mobile network is determined using the future loads. Finally, at step 1650, the
optimization is implemented by instructing the BSs to adjust a parameter in the future time step.
[0089] In the method 1600, the prediction model may be built using at least one of handover
reports, CDRs, or UE measurements. The UE measurements may comprise at least one of an
RSRP, an RSRQ, or an RSS. The next cells may be mapped to the future user locations using
most-probable landmarks of the UEs. The next cells may be mapped to the future user locations
using at least one of an RSRP, an RSRQ, or an RSS. The future user locations may comprise
location coordinates. The location coordinates may be GPS coordinates. The future loads may
be numbers of the UEs connected to the BSs. The future loads may be the fraction of the total
resources in the cell required to achieve required rate of all users of a cell. The optimization may
be for energy saving. The parameters may be an on/off state with CIO. The optimization may
be for load balancing. The parameter may be at least one of an antenna tilt, an antenna azimuth,
an antenna beam width, CIO, or an antenna transmission power. A C-SON controller may
implement the method 1600.

[0090] FIG. 17 is a flowchart illustrating a method 1700 of proactive mobile network
optimization according to another embodiment of the disclosure. A BS may implement the
method 1700. At step 1710, an instruction to adjust a parameter in a future time step of a mobile
network is received. The instruction is based on a predicted next cell of a UE in a future time
step. The parameter is at least one of an on/off state, an antenna tilt, an antenna azimuth, an
antenna beam width, CIO, or an antenna transmission power. Finally, at step 1720, the
instruction is implemented. For instance, the parameter is adjusted.

[0091] FIG. 18 is a schematic of a SON 1800. As shown, the SON 1800 comprises a C-SON
controller, macro cells, and single cells.

[0092] FIG. 19 is a schematic diagram of an apparatus 1900 according to an embodiment of
the disclosure. The apparatus 1900 may implement the disclosed embodiments. The apparatus

1900 comprises ingress ports 1910 and an RX 1920 to receive data, a processor, logic unit,
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baseband unit, or CPU 1930 to process the data; a TX 1940 and egress ports 1950 to transmit the
data; and a memory 1960 to store the data. The apparatus 1900 may also comprise OE
components, EO components, or RF components coupled to the ingress ports 1910, the RX 1920,
the TX 1940, and the egress ports 1950 to provide ingress or egress of optical signals, electrical
signals, or RF signals.

[0093] The processor 1930 is any combination of hardware, middleware, firmware, or
software. The processor 1930 comprises any combination of one or more CPU chips, cores,
FPGAs, ASICs, or DSPs. The processor 1930 communicates with the ingress ports 1910, the
RX 1920, the TX 1940, the egress ports 1950, and the memory 1960. The processor 1930
comprises a proactive mobile network optimization component 1970, which implements the
disclosed embodiments. The inclusion of the proactive mobile network optimization component
1970 therefore provides a substantial improvement to the functionality of the apparatus 1900 and
effects a transformation of the apparatus 1900 to a different state. Alternatively, the memory
1960 stores the proactive mobile network optimization component 1970 as instructions, and the
processor 1930 executes those instructions.

[0094] The memory 1960 comprises any combination of disks, tape drives, or solid-state
drives. The apparatus 1900 may use the memory 1960 as an over-flow data storage device to
store programs when the apparatus 1900 selects those programs for execution and to store
instructions and data that the apparatus 1900 reads during execution of those programs, for
instance as a computer program product. The memory 1960 may be volatile or non-volatile and
may be any combination of ROM, RAM, TCAM, or SRAM.

[0095] A computer program product may comprise computer-executable instructions stored
on a non-transitory medium, for instance the memory 1960, that when executed by a processor,
for instance the processor 1930, cause an apparatus to perform any of the embodiments.

[0096] The embodiments can be applied to heterogeneous networks having any kinds of
cells, including femto, pico, micro and macro. It can easily be adapted to networks with only a
few of these cell types available.

[0097] The method may be executed by a centralized entity (for example a SON server), so
there will be signaling between this entity and the BSs. In order to avoid introducing

unnecessary control overheads into the network, optimization parameter values can be forwarded

32



WO 2021/011131 PCT/US2020/037205

subject to change in the optimization parameters. In that case, BSs can continue to use the
configuration values until a new update is passed by the SON engine.

[0098] The description may not consider the case where macro cells are deactivated during
low traffic periods because it is assumed that the basic coverage of the network is provided by all
of the macro cells with the small cells used in certain areas for capacity boosting purposes. If
under some circumstances where operators wished to switch off macro cells, then the
embodiments can be applied with minor modifications. That assumes that all the cells are of the
same RAT. It is not necessary, however, for the macro and small cells to use the same RAT.
The RAT for each of them could be any kind, for instance 5G or another kind.

[0099] The embodiments utilize a semi-Markov based model for spatiotemporal mobility
prediction. However, any other technique such as deep learning, support vector machine, neural
networks, or decision trees can be used for mobility prediction. One possibility is to apply deep
neural networks.

[0100] The embodiment utilizes CIOs, on/off states, antenna parameters (tilts, azimuths,
beam widths, transmission power) as optimization variables. However, the embodiments are not
limited to only these particular optimization variables. Any combination of these or other
parameters can also be used as optimization variables.

[0101] The embodiments use RSRP and CIO with and without load-based user association.
However, any other association metric, for instance a weighed combination of RSRP, CIO, and
ECR of BSs, can be used without any other changes into the proposed framework.

[0102] The embodiments use RSRP for downlink coverage component in the user
association. However, any other association metric such as RSRQ or CQI can be used
interchangeably with RSRP. UIO can also be incorporated in determining the user association
function.

[0103] The embodiments use ECR and a logarithmic sum of idle resources as optimization
objectives. However, the embodiments are not limited to these objective functions. Any other
suitable objective function can also be used without any other changes into the proposed
framework.

[0104] The embodiments use energy saving and load balancing as self-optimization

functions. However, the embodiments are not limited to these objective functions. Other SON
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use cases like MRO and eICIC can be transformed from reactive to proactive using the
embodiments.

[0105] The embodiments use a genetic algorithm as a heuristic optimization for solving the
optimization problem for the estimated network state predictively ahead of time. However, any
other technique like particle swarm, pattern search, or sequential quadratic programming can also
be used without any changes into the proposed framework.

[0106] The embodiments consider either an on state or an off state for small cells, but the
embodiments can be applied to any number of classes of states such as completely off, deep
sleep, partial sleep, or completely on.

[0107] The embodiments consider a two-tier network for illustration purpose. However, the
embodiments are applicable to any k-tier network where k>0.

[0108] The embodiments leverage mobility prediction for estimation of future loads. In
addition, historical cell load information (load forecasting) can be used to further improve
prediction accuracy.

[0109] In an embodiment, a method for proactive self-organization (self-optimization) of a
mobile cellular network based on user mobility prediction comprising: building a mobility
prediction model for users using minimalistic network data that is already generated in network;
predicting cell of next handover and time of next handover for the users at each time step;
determining most probable landmarks visited by each user in each cell using their historical
mobility patterns; estimating future location coordinates of the users for next time step;
estimating channel information at future estimated location of the users using channel maps for
next time step; and optimizing network configuration parameters (self-optimization) for next
time step. The on/off states and cell individual offset (CIO) values for all the cells for next time
step may be optimized such that energy consumption of the whole network is minimized. The
configuration of antenna parameters (tilts, Azimuths, beam widths, transmit power) and CIOs for
next time step may be optimized such that load balancing is achieved. A semi-Markov renewal
process may be leveraged for building mobility prediction model for the users. A user
association may be a function of at least one of a cell load, a downlink (DL) received power, cell
individual offset (CIO), and a power consumption status.

[0110] In a first embodiment, an apparatus comprises: a memory; and a processor coupled to

the memory and configured to: build a prediction model that predicts next cells of UEs in a
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future time step of a mobile network; map the next cells to future user locations; determine future
loads of BSs in the mobile network based on the future user locations; determine an optimization
of the mobile network using the future loads; and implement the optimization by instructing the
BSs to adjust a parameter in the future time step. The processor is further configured to build the
prediction model using at least one of handover reports, CDRs, or UE measurements. The UE
measurements comprise at least one of an RSRP, an RSRQ, or an RSS. The processor is further
configured to map the next cells to the future user locations using most-probable landmarks of
the UEs. The processor is further configured to map the next cells to the future user locations
using at least one of an RSRP, an RSR, or an RSS. The future user locations comprise location
coordinates. The location coordinates are GPS coordinates. The future loads are the fraction of
the total resources in the cells required to achieve required rate of all users of those cells. The
optimization is for energy saving. The parameter is an on/off state and CIO. The optimization is
for load balancing. The parameter is at least one of an antenna tilt, an antenna azimuth, an
antenna beam width, or an antenna transmission power. The apparatus is a C-SON controller.
[0111] In a fourteenth embodiment, a method comprises: building a prediction model that
predicts next cells of UEs in a future time step of a mobile network; mapping the next cells to
future user locations; determining future loads of BSs in the mobile network based on the future
user locations; determining an optimization of the mobile network using the future loads; and
implementing the optimization by instructing the BSs to adjust a parameter in the future time
step. The optimization is for energy saving, and wherein the parameter is an on/off state. The
optimization is for load balancing, and wherein the parameter is at least one of an antenna tilt, an
antenna azimuth, an antenna beam width, or an antenna transmission power.

[0112] In a seventeenth embodiment, a UE comprises: a receiver configured to receive an
instruction to adjust a parameter in a future time step of a mobile network, wherein the
instruction is based on a predicted next cell of the UE in a future time step, and wherein the
parameter is at least one of an on/off state, an antenna tilt, an antenna azimuth, an antenna beam
width, or an antenna transmission power; and a processor coupled to the receiver and configured
to implement the instruction. The instruction is further based on a future user location of the UE
that 1s associated with the next cell.

[0113] In a nineteenth embodiment, a method comprises: receiving an instruction to adjust a

parameter in a future time step of a mobile network, wherein the instruction is based on a
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predicted next cell of a UE in a future time step, and wherein the parameter is at least one of an
on/off state, an antenna tilt, an antenna azimuth, an antenna beam width, or an antenna
transmission power; and implementing the instruction. The instruction is further based on a
future user location of the UE that is associated with the next cell.

[0114] Any of the embodiments above may be combined to form a new embodiment.

[0115] While several embodiments have been provided in the present disclosure, it may be
understood that the disclosed systems and methods might be embodied in many other specific
forms without departing from the spirit or scope of the present disclosure. The present examples
are to be considered as illustrative and not restrictive, and the intention is not to be limited to the
details given herein. For example, the various elements or components may be combined or
integrated in another system or certain features may be omitted, or not implemented.

[0116] In addition, techniques, systems, subsystems, and methods described and illustrated in
the various embodiments as discrete or separate may be combined or integrated with other
systems, components, techniques, or methods without departing from the scope of the present
disclosure. Other items shown or discussed as coupled may be directly coupled or may be
indirectly coupled or communicating through some interface, device, or intermediate component
whether electrically, mechanically, or otherwise. Other examples of changes, substitutions, and
alterations are ascertainable by one skilled in the art and may be made without departing from

the spirit and scope disclosed herein.
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CLAIMS
What is claimed is:
1. An apparatus comprising:
a memory; and
a processor coupled to the memory and configured to:
build a prediction model that predicts next cells of user equipments (UEs) in a
future time step of a mobile network;
map the next cells to future user locations;
determine future loads of base stations (BSs) in the mobile network based on the
future user locations;
determine an optimization of the mobile network using the future loads; and
implement the optimization by instructing the BSs to adjust a parameter in the

future time step.

2. The apparatus of claim 1, wherein the processor is further configured to build the
prediction model using at least one of handover reports, call detail records (CDRs), or UE

measurements.

3. The apparatus of claim 2, wherein the UE measurements comprise at least one of a
reference signal received power (RSRP), a reference signal received quality (RSRQ), or a

received signal strength (RSS).

4. The apparatus of claim 1, wherein the processor is further configured to map the next

cells to the future user locations using most-probable landmarks of the UEs.
5. The apparatus of claim 1, wherein the processor is further configured to map the next
cells to the future user locations using at least one of a reference signal received power (RSRP), a

reference signal received quality (RSRQ), or a received signal strength (RSS).

6. The apparatus of claim 1, wherein the future user locations comprise location

coordinates.
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7. The apparatus of claim 6, wherein the location coordinates are Global Positioning System

(GPS) coordinates.

8. The apparatus of claim 1, wherein the future loads are the fraction of the total resources

in the cells required to achieve required rate of all users of those cells.

9. The apparatus of claim 1, wherein the optimization is for energy saving.

10.  The apparatus of claim 9, wherein the parameter is an on/off state and CIO.

11.  The apparatus of claim 1, wherein the optimization is for load balancing.

12. The apparatus of claim 11, wherein the parameter is at least one of an antenna tilt, an

antenna azimuth, an antenna beam width, or an antenna transmission power.

13. The apparatus of claim 1, wherein the apparatus is a centralized self-organizing network

(C-SON) controller.

14. A method comprising:

building a prediction model that predicts next cells of user equipments (UEs) in a future
time step of a mobile network;

mapping the next cells to future user locations;

determining future loads of base stations (BSs) in the mobile network based on the future
user locations;

determining an optimization of the mobile network using the future loads; and

implementing the optimization by instructing the BSs to adjust a parameter in the future

time step.

15. The method of claim 14, wherein the optimization is for energy saving, and wherein the

parameter is an on/off state.
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16.  The method of claim 14, wherein the optimization is for load balancing, and wherein the
parameter is at least one of an antenna tilt, an antenna azimuth, an antenna beam width, or an

antenna transmission power.

17. A user equipment (UE) comprising:

a receiver configured to receive an instruction to adjust a parameter in a future time step
of a mobile network, wherein the instruction is based on a predicted next cell of the UE in a
future time step, and wherein the parameter is at least one of an on/off state, an antenna tilt, an
antenna azimuth, an antenna beam width, or an antenna transmission power; and

a processor coupled to the receiver and configured to implement the instruction.

18. The UE of claim 17, wherein the instruction is further based on a future user location of

the UE that is associated with the next cell.

19. A method comprising:

receiving an instruction to adjust a parameter in a future time step of a mobile network,
wherein the instruction is based on a predicted next cell of a user equipment (UE) in a future
time step, and wherein the parameter is at least one of an on/off state, an antenna tilt, an antenna
azimuth, an antenna beam width, or an antenna transmission power; and

implementing the instruction.

20. The method of claim 19, wherein the instruction is further based on a future user location

of the UE that is associated with the next cell.
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