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5G Technical Scenarios and Challenges

Seamless wide-area coverage Low-latency high-reliability
*User experienced data rate:100Mbps. *Air interface latency: 1 ms;
*End-to-end latency: ms level;
*Reliability: nearly 100%.

High-capacity hot-spot Low-power massive-connections
*User experienced data rate: 1 Gbps; *Connection density: 106/km?;
*Peak data rate: Tens of Gbps; *Ultra-low power consumption;
*Traffic volume density:Tens of Tbps/km? *Ultra-low cost.
Key Technologies

Ultra-Dense

Novel Multiple All-Spectrum

Access Access

Network
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Current Spectrum Utilizations

(o

-

Today’s wireless networks are
regulated by a fixed spectrum
assignment policy.

O Available spectrum is almost
exhausted and very cost-

~
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effective. Y,
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O Available spectrum looks
scarce.

O Allocated spectrum is vastly
underutilized.

\ O Need all-spectrum access. /




FuII-Seectrum ERA

((®) [ Dynamic Spectrum Access ]
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New Spectrum Exploration }
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Millimeter wave
| | Visible light communications (VLC)

o 6GHz 100GHz

1 G-4G cellular 5G cellular

’h m J I o] [ m l1im effler waVENNN
\ , LJJ_LJ.,A_H all . - 300MHz  3GHz 28GHz 3849 GHz 70-90 GHz 300 GHz

Freq (GHz) 0~1 1~2 2~3 3~4 4~5 5~6
Utilization(%) | 54.4 35.1 7.6 0.25 | 0.128 4.6

O High/low, paired/unpaired, licensed /unlicensed, contiguous /non-contiguous bands.
O Key issues: Channel measurement, unified access for low and high frequency.




Cognitive Radio

(EI Dr. Mitola proposed the concept of Cognitive Radio (CR).

O A self re-configurable software defined radio that can change its
transmitter parameters (Frequency, modulation, data rate) based
on environmental conditions in which operates. y

~

&

Radio
Environment

Transmitted Signal

Spectrum Primary User

Sharing

Characterization

Time
s Spectrum in use by Primary user
© Spectrum Hole Cognitive Cycle

Channel Capacity

[Cognitive Radio = SDR + Sense + Learn + Adapt +Use ]




Seectrum Sharing

Interweave spectrum sharing
CR should periodically detect the
_| existence of the PU over the band
___\_and then utilize the band if it is idle.
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Overlay spectrum sharing

CR should be able to decode the PU
message and encode its message so
that interference is avoided

Underlay spectrum sharing

CRs are allowed to operate if the
interference caused to PUs is below a
particular transmission power threshold.
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Practical Challenges for Spectrum Sensing

KI:I The required SNR for detection may be very low, may be below -20 dB. O

O Multipath fading and time dispersion of the wireless channels complicate the
sensing problem.

O The noise/interference level may change with time and location, which yields the

_ noise power uncertainty issue for detection.
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Primary users: TV transmission, wireless MIC (microphone)
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Spectrum Sensing Formulation

—
O Spectrum Sensing: a classical signal detection problem

. Hl
PU Observation Dicision >
Space Ho
H,:y.(k)=w(k), k=0,1,..
n(t) o
Hy 1y (k) =Y 3" hy(m)s,; (k —m)+w,(k)
Jj=0m=0

O The objective of spectrum sensing: A
to make a decision on the binary hypothesis testing
O The optimum of spectrum sensing:
S Highest Pd for a given Pra with a fixed number of samples Y




Existing Spectrum Sensing algorithms

H,:Y(k)=w(k)

H, :Y(k)= i ihj(m)sj(k—m)w(k)

j=0m=0

O LRT (GLRT)

PU

H
Observation Dicision ———p
Space H 0

T (F)e P(Y|H1) The major difficulty in using the LRT is its requirements
rr(¥) = P(Y|H0) on the exact distributions.
O MF O ED O MMD
N-1 r N-l T ﬂ'max (RY)
Tr (V)= 3 ST (DY (k) Tep(¥)= 2 Y ()Y (k) Ty (V) = 52T
k=0 k=0 ﬂ‘min (RY)
/o Requiring both source ) /o Requiring only noise power ) /o No information on source

signal and noise information.
¢ Optimal & fast to achieve
high processing gain.

information.
¢ Simple and optimal if Rs=cl
¢ SNR walls & non-robust to

signal or noise power.
¢ Robust to noise uncertainty.
¢ High computational

J

¢ Require for synchronization noise power uncertainty. complexity
AN AN
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Conventional Two-Stage Implementation

— e e c— c— cm—

Detection Stage l. , Posotioning Stage | | Spectrum Access |
4 —I __________ \’1 _______ Vl M _l\

(T
| Accessing Directly || é \ 1)
" CU1 é
Ccu2

| |
| |
|I [ : |
| RF Test | Accessing avoiding PU é |
* [Chains Statistic | communication directions I . cut |
y |
PU Transmitter I PU Spatial || \ S |
(ON/OFF) It Information | 1 ‘é’ |
A
N / _____ P
BEnergy Detection (ED) BBecamforming-based AoA Estimation:
BEigenvalue-based Detections:  Bartlett, Capon...
MME/EME, GLRT... B Subspace-based AoA Estimation:

M(Covariance-based Detections =~ MUSIC (Multiple Signal Classification)...

O The existing schemes focus on either Detection or Positioning, independently.
O The implementation of spatial spectrum sensing is a two-stage complex process




Seatial Seectrum SensinE-Access

»> Why not Detection and Positioning Fusion?

/—/ Spatial Spectrum-based Detection Scheme =\
% Spatial Spectrum/ Accessing Directly

/: Spectrum Access |
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Spatial Spectrum/Pseudospectrum: A function that gives an indication of
the angles of arrival (AoA) based upon maxima vs. angle.

Accessing avoiding PU
communication directions

T
Ptheta)
T
—

—
—

O High Detection Performance: Exploit the inherent feature of spatial spectrum.

O Reduction of the complexity of spatial spectrum sensing: Considering the problem
of detection && AoA Estimation entirely.

O Improving Capacity of CR network: Spectrum Access in Spatial/Angle Dimension.
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O AoA Estimation-Based Detection (I).

O AoA Estimation-Based Detection (lI).
O Eigenvalue based Spectrum Sensing.
O Spatial-Temporal Uncertainty Principle.

O Spatial-Temporal Resolution Tradeoff.
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AOA Estimation-Based Detection I

O System model: O Bartlett (Delay-Sum) AoA Estimation:
wé 1 5
x, (k) \ P = E{|W X | }_ ‘W a(HU)I (” (T + |a(90)‘2(f;)
" “_-{-1 k
o) S y( ) ﬁ w = a(0)
/- . . k
//r - ani l / X( )
/(.ufm.m»‘l.; >— RF
PO)=w"Rw=a"(0)R_ a(0)
O Feature 1: Special Values of Spatial Spectrum @
Spatial Spectrum
O MMDS patial Spectt
max {a(6)" R, (N)a(6))} o] o 2] |
Tymps = mil'] = — {a(Qj)”R\_(N)a(Q N zi 0 ::: Hi AOA
6, ’ 5.2f 14F
S 50t € 1o
0 AMDS it B
r P WNIYLPO) ol d
el min mln {a(g) R (N)a(6)] 4¥0{00 750 050 100 jl1-0() S0 0 vsl() 100
Angle/° Angle/®

“Spatial spectrum based blind spectrum sensing for multi-antenna cognitive radio system”. Journal on Communications,
2015, 36(4): 2015087-1~10



AOA Estimation-Based Detection I

[0 Simulation: Detection Performance

1
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Probability of detection

1

=== ED-0 548 ||

=== ED-14B

=== £D-1.548B |

=== ED-23B
= olee= MME
-en EME
e IMDS

i AMDS

| 1]

-12 -10

8

Probability of detection with SNRs

Maximum-Minimum Delay

MMDS Sum Detection
AMDS Average-Mlnlmum Delay
Sum Detection
ED-xdB  Energy Detection with x dB
Noise Uncertainty
Maximum Minimum
MME Eigenvalue Detection
EME Energy Minimum Eigenvalue

Detection

Simulation environments

SNR -26dB~-8dB
M 4
N 5000
D 2
P, < 0.1

ED-0dB is optimal for it knows the accuracy noise power and the proposed MMDS is
much better than MME, and AMDS is much better than EME.




AOA Estimation-Based Detection 11

O Feature 2: Central Symmetry Feature of Noise Spatial Spectrum
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5.8} 20H
5.6} HO 18H Hl W
5.4t 16
5.2' 14_
& 5.0 &
<48 < 12
4.6} 10F
4.4t 8
| 6'./\/J
4.0 et 4t

-100 -50 (.) 50 100 -100-50 O

50 100

Angle/® Angle/®

O Central Symmetry based Feature Detection (CSFD)
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[ Using the Euclidean Distance to calculate the similarity of spatial spectrum. ]

“Blind central symmetry-based feature detection for spatial spectrum sensing,” IEEE Transactions on Vehicular Technology,

vol. 65, no. 12, pp. 10147-10152, Dec. 2016.




AOA Estimation-Based Detection 11

O Simulation: Detection Performance
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Probability of detection with SNRs

Central Symmetry -based
Feature Detection

CSFD

Energy Detection with x dB
Noise Uncertainty

Arithmetic to Geometric
Mean
Maximum Minimum
Eigenvalue Detection

CAV Covariance Absolute Value

AGM

MME

Simulation Environments
SNR -26dB~-6dB
Angle 30°
M 4
N 1000
D 1
P; 0.1

a

[When compared with ED, MME, AGM and CAV, the proposed CSFD achieves much

higher probability of detection.

~N




Eigenvalue based SEectrum Sensing

O Spatial-time Signal Processing

R 1 an 5 %
Vi Ve o Y B R,(N,)=— Z (m)Y ™ (m)
" : — I/(k) _i NS m=
= T T T |
S| —T XD | . @
) [t -~ 20 A=diag[/,,A,,"-- A, ]
: + WD) | U
= T T T ; A; H
Byl il . L(A) =28
N e )T | p(A ) Ho)
Space correlation D OEW deteCtion @
M
R, =HR,H" + R, Ty = Pi 2
ﬁi:pi—l_o-lsz i=1 pz+GW
0 BEW detection O AOEW detection @
M /ii—02*+A M /{i_az +A
Tow = ( *W2) & Lyorw = ( 2W) 4
=1 (GW ) i=1 Ow

“Optimal eigenvalue weighting detections for multi-antenna cognitive radio networks,” IEEE Trans. Wireless Comm.,
vol. 16, no. 4, pp. 2083~2096, Dec. 2016.



Eigenvalue weighting detection

Probability of detection

%2 30 28 26 24 22 20 18 16 14 -12 -10 8 6
SNR (dB)

/I:I W prior info. OEW performs best;

O W noise variance AOEW performs
better than SSE, ED and MED.

O WO prior info. BEW performs better

\_ than MME and AGM. Y,

OEW

AOEW

SSE

MED

ED
BEW

AGM

MME

Optimal Eigenvalue
Weighting Detection

Approximated OEW
Detection

GLRT based signal-subspace
eigenvalues Detection
Maximum Eigenvalue

Detection

Energy Detection

Blind Eigenvalue Weighting

Arithmetic to Geometric
Mean
Maximum-minimum
Eigenvalue Detection

Simulation Environments

SNR -28dB~-6dB
M 4
N 5000
D 2
P, 0.1




Spatial-Temporal Uncertainty Principle

O Explanation of Spatial-Temporal Uncertainty Principle

Particle Character:
PU OFF: L &t Temporal ON/OFF State-Change
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o e I g
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Then the STUP reveals the phenomenon that obtaining high resolution in spatial domain
will lead to a low resolution in temporal domain, in other words, the observer can never
obtain the high accuracy result in both space and time dimensions simultaneously.




SeatiaI-Temeoral Resolution Tradeoff

OO0 STUP based Sensing-Throughput Tradeoff
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“Uncertainty principle based spatial-temporal resolution tradeoff for cognitive radio networks,” in Proceedings of IEEE
International Conference on Communications (ICC), Paris, France, May 2017, pp. 1-6.
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Some Recent Research Issues

--------------------------------------------------------------------------------------------------------------------------------------------
. .
- ,

O Full-duplex (FD) Spectrum Sensing.
O Spectrum Sensing = Spectrum Inference.
O Big Data & DL based Deep Sensing.

o
. o
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Full-duplex (FD) Spectrum Sensing

Primary User

Seconary User {

ﬂl’he main benefits of FD: \
O CST, CTR,
O Improved sensing efficiency

|
|
|
|
|
|
Half Duplex . | and secondary throughput
Sensi iy . .
e | | O Mitigation of the hidden
Half Duplex D I terminal problem.
Transmitting | \ /
T | Collision|
|
Full Duplex
Sensing Tx RF chain Txsignal
Full Duplex Direct self- “\ Scatterers/reflectors
Transmitting interference | 2
/’, ] ’I{eflected
T;: Spectru_m‘sensin'g period RoBicialn /]Z; interference
T,: Transmitting period el
Sensing and Tx strategy Periodic sensing and transmission Concurrent sensing and transmission
Performance tradeoft Sensing-throughput tradeoft Power-through tradeoff
Sensing time Needs to be optimized for better performance ~ No need to optimize
Selfe-interference No self-interference issue Residual SI degrades the sensing performance.
Primary signal detection Signal detection in the presence of noise Signal detection in the presence of noise plus SI
Dynamic channel occupancy  Difficult to track the activity states Channel activity can be tracked continuously
Sensing error Long error delay (at least one sensing period) =~ May occur frequently depending on the channel activity
status.




Full-duplex (FD) Spectrum Sensing

Primary Tx (PT)

s () + 5, () + wk), H,
Jns.(k)y+wk),k=1,..,N, H,

------------------------------------------------

] . \
{ Enabling Techniques: E Y
I T &
i O Self-Interference Mitigation Schemes | &6@ =
i O Waveform Based Sensing i @w‘\/ 5 meeregumd
. . . 1 * . TE A e -—
i O Multiple Antenna Signal Processing | F ) {. A
1 Primary Rx (PR) —_——
i O Power Control | = e Y
\\\ ,’I -—" oe.s'\reﬂﬁew“
------------------------------------------------ Secondary Tx
(sT)

+  Desired channel Secondary R (SR)

Inter-system Interfering
channel e o

interweave CR scenario

'
D I T T ————————

~

\ v~ T~ Self-interfering 'l' . . ‘\\
/ channe! i Research Issues & Future Directions:
T ¥ 4 \.\ T i O FD-Based Concurrent Sensing and
antenna // | \  .antenna T%RF ' . .
T o | \/ i : Transmission
.\’\ ™~ i O FD-Based Concurrent
o <2 S o i Transmission and Reception
antenna antenna i O Self-Interference Cancellation and
e inede : Related Issues
1
+ ‘ . L] -
Foa i ) \, O Energy-Efficient & Imperfections
underlay CR scenario with FD-CR nodes T mmmmmmmmmmmmmmmmemmmmmemmemmmmes ol

Shree Krishna Sharma, IEEE CST VOL. 20, NO. 1, 2018



Spectrum Sensing > Spectrum Inference

----------------------------------------------------

. : \ Spectrum inference for spectrum sharing in 5G
g' With Spectrum inference: y oP P 9
. . 1
i O to reduce the sensing time and energy Predicted radio spectrum state (RSS)
i consumption i
1 . . 1 Spectrum
i O to improve the detection pe.rformance of i sovams sl o
] spectrum access opportunities ! i
\ / Predicted
N e e e e e e - RSS Historical
RSS
Radio Observables | . | i
arionmant »  Spectrum sensing T Spectrum sharing
t~ |

Actions (spectrum reuse, interference control, etc.)

With Geolocation Spectrum Database:
Spectrum inference can be further used to
calibrate the propagation models and to
= improve the update speed of the database
gs Ali ::_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'.:\
With Radio Environment Maps(REM):
Spectrum inference can be used to
construct dynamic interference maps for
each frequency at each location of interest,
in a proactive and energy-efficient manner

N o — —

4
4
I
1
1
1
1
1
1
1
1
1
1
\
\

-

N

A :Base Station g _i: :Secondary Users

G. Ding, IEEE CST, VOL. 20, NO. 1, 2018;
F. HU, IEEE ACCESS.2018.2802450; H. Birkan Yilmaz, IEEE CM Dec. 2013



2 Data & DL based DeeE Sensing

————————————————————————————————————————————————————————————————————————————————————————————————————————

EI Radio signals exhibit the characteristics of big data in terms of volume, variety,
value, and velocity.

O How to uniformly handle these radio signals and obtain value from them is a problem
that needs to be studied.

O Big data processing for radio signals not only needs to process the current signal,
but also has to manage and make full use of the historical data in order to extract the

\ value of big data. J
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Conclusion

O T e
+ Information and communication technologies ;
i are converging and various information services
| are converging, too. ;

-----------------------------------------------------------------

“Information a finger away, everything in touch”
. ERBEDLE, E#ﬂlﬁﬁ#
e SN NS S /ﬁ

~
S

o T

O Sensing Dimension:
Low - High (deep
sensing);

O Sensing Mode:
Passive - Active
(cooperation/coordin
ation)

O Sensing Issue:
Noise =2 Interference
with Low SNIR,

~ -
—————————————————————————————

i e e e e e e
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