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I Intelligence that uses a computer to implement some or all of human intellectual such

as cognition and learning

v" Utilize accumulated data to predict patterns of new data
v Machine Learning(ML) and Deep Learning(DL)

v Al > ML = DL

0

Artificial Intelligence

>
-~ o
.
.

Machine Learning

——

ARTIFICIAL INTELLIGENCE

A tachnlgue which enables machines
to mimic human behaviour

MACHINE LEARNING

=~ Subset of Al technigue which use

slatistical mothods to enable machings
to improve with experlence

DEEP LEARNING

—. Subsot of ML which make the
computation of multl-layer neural
network feasible

https://m.blog.naver.com/jevida/221843366216




th Al technology

| Classification and Prediction(Left figure)

v Classifying new data or predict categories based on past data and its labeling”
* Separation of normal/spam e-mail
* Trend in house prices and sales and profits of company
* Modulation identification
1 Grouping(Right)
v' Data grouping based on similarities between data

» Classification of customer purchasing patterns
* Determination of defects/failures through by image analysis

https://www.samsungsds.com/global/ko/support/insights/Generative-adversarial-network-Al.html

resied in predicting the future and data mining is interested in solving current problems




.
=

I Requires feature engineering based on statistics
v' The process of reducing data complexity and making patterns more visible in learning algorithm
v’ Requires time and expertise
| Existence of learning method according to purpose
v’ Supervised: data with answer -> classification, prediction
v Unsupervised: data with no answer -> tendency, grouping
v Reinforcement: time difference between the question and the answer -> reward, competition

* Labeled data
* Direct feedback
« Predict outcome/future

E'-
Y] —
i .

POLITE
Classification Output

I Manual Feature s CAR

| Exfraction

I —\ ( 1 == TRUCK X N

—ul- I%‘:ﬂoi Machine Learning i W Reinforcement
: ! . L’
|
|

Classification Learning

= S M

* No labels « Decision process

e, BICYCLE X |* No feedback * Reward system

* “Find hidden structure” * Learn series of actions

http://solarisailab.com/archives/1785
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I The process of finding a better expression
v Input: coordinates of points
v Output: colors of points

v Criterion of performance evaluation: classification success rate

If x > 0, then it is black point and if x < 0, then white point (simple compared with original(left) o
coordinate transformation(center)

https://www.msit.go.kr/webzine/posts.do?postldx=337
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| Programming

—

Output
(answer)
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to implement ML in practice

| Coding with python

v/ Build a suitable work environment (IDE’, Integrated Development Environment)
v"Use the required libraries and modules by importing them
I Select suitable ML models
v Linear
v’ Determination tree / Determination tree ensemble

v' Kernel Support Vec,to’f Machine
bt Neigbb’c;r e Loading pre-processed data

I I S
Wl Fabricate[la‘tase‘.:/_ﬂ:-r‘Learning import dataset®- — "~
T sxlearn.mudelf_éelecti:un import train test split @ — — — — — — = = = = — — = e _ _ Loading module
n sklearn.ensdMble import RandomForestClassifier

X=dataset.iloc[:,:{len(dataset.columns)-1)] @—
y=dataset.iloc[:, (len({dataset.columns}-1)]
X_train,X_test,y train,y test=train_test split(X,y,stratify=y,test size=8.25,random ste _
forest=RandomForestClassifier(n_estimators=188,random state=@,max depth=28,n_jobs=-1)g _ T~ C i traini d
= : 7 - - - - S il omposing training an
forest.fit(X train, vy train) a il
s ~ test data

Constructing dataset

t pickle \\\
pickle.dump(forest.fit(X_train,y_train),open('_TrainingModel.h5 b'}) @~ _ ~ . .
i Sl ’ ’ -~ ~ Performing learning
t pickle i

learned model=pickle.load(open(®. . /UsingFunction/_TrainingModel.h5',"'rb")) @
prediction=learned model.predict(X what) @

=
I T

€book 0 Jisua studio code Spyder Eclipse, etc




I Simple and easy to learn
| Free and open source, Extensive libraries

I High-level language, Interpreted (vs compiler)

| Portable®: Windows, Linux, etc.

< Data science, 2020> < Programming, 2019/2020 >

Jul 2020 Programming Language Ratings Change

Top 10 Data Science Programming Language by % of Job Ads in which the
Language is Mentioned

il c 16.45% +224%

2 Java 15.10% +0.04%

Python 9.09% -017%

CH++ 6821% -0.49%

C# 525% +0.88%
Visual Basic 523% +1.03%
JavaScript 2.48% +0.18%
R 241% +1.57%
PHP 1.90% -0.27%

1.43% +0.31%
SAS 1.40% -0.58%
Go 1.21% +0.19%
Java
Assembly language 0.94% -0.45%
Mat ‘Eb 4 Perl 0.87% -0.04%
MATLAB 0.84% -0.24%
Hive Ruby 0.81% 0.83%

Scratch 0.72% +0.35%

CIC++ V Rust 0.70% +0.36%

PLISQL 0.68% -0.01%

Classic Visual Basic 0.66% -0.35%

https://blog.simpliv.com/
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-

11t should be of good qualities data

| Whether we use ML or DL depends on the amount of data and features®
I DL is not necessarily better than ML

A

Performance
\

Amount of data

https://brunch.co.kr/@itschloe1/8

d speech recogiition is already well known for its supetior DL

12/23
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| Extracted features calculated from 1/Q data® of major broadcasting and

communication signals are used as input
- Feature value is a numerical value of the unique spectral power of each modulated signal,
the standard deviation of amplitude and phase, spectrum symmetry, etc.

.

» A random forest, one of the supervised learning models, is applied e]«l"= |+ Q

1/Q Data Feature Extraction Dataset

Acquisition for Modeling Generation ‘gamma_max’, 'sigma_ap’, 'sigma_dp’,
'P', 'sigma_aa’, 'sigma_af’, 'sigma_a’,
'mu_a4?2’, 'mu_f42', ‘beta’, ‘'v20’, ‘K’, 'S/,
‘PA, 'PR’, 'sigma_v’, ‘m_a’, 'sigma_f’,

Learning & Test Model Save Data Collection ‘sigma_inst_a’, ‘gamma_maxf’,

‘gamma_maxa’, ‘mu_aa’, ‘v_phs’, C20’,
'C21', 'C40', 'C41', 'C42', 'C60', 'C61',
'C62', 'C63’, 'C80', 'C81", 'C82', 'C83',

Feature Extraction . ' P . .
Model Load Prediction c84', 'C100’, 'C101’, 'C102

for Prediction

< Work flow and features >

rﬁrﬁplex signal




.

;=

s
-
i

.

-
-
- -
-
.

#
.
-
-
-
-
-
-
-
-
.
-

-
-
-

-
-
-

-
-
-
-

.

-

00
Frequenties

&0

B
Frequencies

400

frequencies

&0
fequencies

0

frequencies

frequencies

.

-

.

-
-

-
.
-

-

-

-
-

-
-
-

-
-
-

-

-
-
-

-
-

.
-
-

-
-
-

.

.
-

-
-

-
-

.

<Sampled signals>

VSB

Is>

igna

| s

-
-
-
-
-

-
-

-
.

igina

-

-
-

<Or

B




.
-

-
.
-]

s

-

-
-

—
e
-

from CatchIQ forLearning import mod_n_freq,signal m bw,modulation_name

feature_file string=modulation_name
from os import listdir
dataset=

for mod_type range{len{feature_file ftrlng))
feature_file saved dir='
feature_files=[]
for fF1 llstd'r{feature file baved d14).

if £F1.find("f |
Feature_flles.append(FFlj

‘+feature_file_string[mod

om sCipy.io impo loadmat
pandas imp DataFrame
impao pandas as pd
ta=
ff in range{len{feature_files)):

_X_data=DataFrame(loadmat(feature files[Ff])[’
X_data=pd.concat([X_data, X data],axis=8,ignore

_y_data=[]
for Xds range(8,X data.shape[8])

_y_data.append({modulation_name.index({feature_file string[mod type]l)})

_type

-
-
-

Load main parameters

Dataset construction

y_data=pd.5eries{_ y data)
_dataset=[]
_dataset=pd.concat([X data,y data],axis=1,ignore index=Trus) |
dataset=pd.concat( [dataset, dataset],axis=8,ignore_index=Tru=) List up feature-values
Ve
features=[" 4
= ’
r 2 /
2

features_name=[]

for 1 range{len(features)):
features name. apnend(features[F 1}

features_name.append( ' m 1

dataset.cn;umﬂs=features_name

dataset

)




CatchIQ forPrediction

import FabricateDataset forPrediction

from CatchIQ forPrediction I
from FabricateDataset forPrediction
import pickle

learned model=pickle.load(open(’..
prediction=learned model.predict(X_what)

rt X what

t mod_n_freg,signal_n bw,modulation_name

t ExtractFeatures_forPrediction e R e e e e e L L L - L Load malin

module

+-------------------------"10ad learning
model and

pandas as pd
om pandas import Series,DataFrame
temp_obj=Series(prediction)
_recog=sorted(temp_obj.unigue())

modulation_name=1 (sorted(signal n bw.keys()))
1n_pair t{zip({range(len(modulation_name)),modulation_name))
recog_numbers=DataFrame (temp_obj.value counts(),index=[11
Fof 0 range({len(_recog)}):

recog numbers

f=open( _of_pre . 2 iw')
guess=pd.concat([recog numbers,recog percent*188],a
print(guess,file=f)

f.close() ;print{guess)

t(sorted({1n pair.keys()))],columns=[ "

recog_numbers.rename(index={ recog[ rl:1n_pair[_recog[ r]]})
recog percent=DataFrame(recog_numbers/len{X what)).fillna(value=0.8);recog percent.columns=['% of

predict

on']).fillna{value=a.0) -

Figure forPrediction

t pickle
learned model=pickle,load(open(’
=learned_model.predict{X what)

predicti

from pandas import Series,DataFrame

temp_obj=Series(prediction)

_recog=sorted(temp _obj.unique())

In_pair=dict(zip(range(1len(modula

recog_numbers=DataFrame(temp obj.value counts(),index=[1is
_r in range(len( recog)):
recog_numbers=recog_numbers. rename( index _r]:in pair[_recogl_r]]})

recog percent=DataFrame(recog numbers/len(X what)).fillna(value=8.8);recoe percent.colums=['% of T

ion_name)),modulation_ name))

{_recog

88],8x

expect=pd.concat([recog_numbers,recog percen
heatmap num{mn]=expect['# of rec an']
heatmap_per[mn]=expect['% of re tion']

{sorted(in_pair.keys()))],colums=['# of r

confusion matrix
4 6

8 g

%
g 2
£ =

predicted class

~

i ~ - . . ,/
73 visualization
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| Monitoring unlicensed frequency to prevent interference .

| Evolving platform
v'Handy -> Drone -> Sensor

1 Being apply Al technique

I Considering 5G frequency (28 GHz) monitoring ~—%

I Reducing size of SM system |
v’ Fixed -> Mobile -> Handy

% i B 1N N =

7

< Fixed SM system > < Mobile SM system >




ased SM technology

I Automation

v Classification of the signals collected from in real time through various platforms such as fixed
stations and mobile stations, drones, sensor, etc.
I Accuracy
v Better classification rate than manual classification based on the experience of workers
v Block the possibility of errors due to manual classification
I Maximum SM effects
v Reducing data acquisition time
v’ Real-time SM and analysis

My > @& ; Beni

e ’ _ jenign
S —r ¥ or

eTh ' Malignant

Feature extraction Classification

< http://semiengineering.com >




Telecommunications/ICTs are a key enabler to achieve the Sustainable Development Goals (SDGs) and to build a world where social, economic,
environmental and technological development is sustainable and available for everyone, everywhere. The fourth industrial revolution, digital economy and
society, Internet of Things, connected cars and s all depend on telecommunication networks, services and applications, and increasingly rely on
radiccommunications to provide the basis for ubiguitous connectivity. The ITU Radiocommunication Sector plays a vital role in this ecosystem: managin
freqguency spectrum and satellite orbits, as well as developing globally harmonized regulations and standards, are fundamental in order to ensure accessible

Specirum monitoring has always been the eyes and ears of spectrum

management processes to facilitate planning, maximize efficiency, minimize

interference and eliminate unauthorized and improper use of the specirum. Al may Sig nal identification, Interference,
be the next computer-gided technigues enhancing the automation of spectrum Real time SM

monitoring tasks which become more complex with the development of new radio //

technologies. As such, Al may bring new solutions and opporiunities for instance

for the signal recognition, the real-ime monitoring of mulbiples auto-signaling

equipment and devices, and/or the identification of sources of interference.

< Al application in SM >

WW.itL e en/acion /o jemeraing radio technologies/Pages/default.aspx

.




I Cloud-based signal analysis for efficient data collection and real-time processing

v Utilizing the database in central server
» Based on various real-world data,

* Prediction error is minimized, and bias of past data is excluded

Aggregation
Nodes

I
5
% 2
c O
3 &
L
2 s
£ 2
S
£ 3
S =
E.—'
o
ES
!_}
s 2
o=
QGI
w =2

Backhaul
Node n Wired/Wireless

SMS Node Features
Scan RF bands
Estimate Interference
Compute bin metrics
Recording on-demand
Capture Time, Angle, Frequency

Maintenance
Console

HTML Clients

!

Cloud
Application

Metrics

Database Offline analytics

Example Scripts
Condition monitors
Alarm monitoring
Geolocation Picture
Notifications
Predictive Analytics

Database Storage

*  Spectrum Traces
*  Occupied Bands
* RF Power Levels
*  |Isage Patterns

< Future SM and Processing Architecture” >

Monitoring in Industrial Environments,” Nov. 2017
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