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Abstract

In this paper we present a stochastic optimization process based on genetic algorithm for filter synthesis. An L —band
fourth order filter is designed and tested using the proposed algorithm.

1. Introduction

Microwave filters play an important role in the
wireless communication system. Chebyshev and Elliptic

class of filtering function have found frequent
application within the space of microwave
communication system. The generic features of

amplitude in band characteristics together with the
sharp cutoff skirts gives an acceptable compromise
between lowest signal degradation and highest
interference rejection [1].

A filter can be design using transfer function by
giving number of poles and zeros. The order of the
filter depends on the number of poles. The number of
zeros in the in the stop band region plays an important
role in the performance of the filter. A filter can be
synthesized by different methods. One of them which
is being followed here is Genetic Algorithm (G.A.)
optimization under the framework of Matlab. We have
proposed the idea of synthesizing of filter by GA to
obtain the location of poles and zeros.

II. Proposed Synthesis Method

To verify the proposed filter synthesis method, it is
applied to a symmetric 4th order L —band filter having
four poles in the passband and two zeros in the lower
and upper stop band regions.

P(s)
eE(S)

Where € is the ripple factor and ‘s’ is the complex
frequency variable, E(s) is the polynomial of the poles
and P(s) is the polynomial of the zeros.

Ny

. 2
cost function = Z |521spec.(fn1) - Sthried(fnl)l

ny;=1

521(s) =

N,
2
+ Z |521spec.(fn2) - 521tried(fn2)|

ny=1

Figure 1 shows the normalized and real frequency

019

response for the fourth order L—band filter over the
frequency range of 1.67 GHz to 1.72 GHz. The return
loss achieved is below —20 dB. The right end of Figure
1 shows the cost function error which is 5.4960 after
80 alterations.

[ ——

Figure 1. Frequency responses and cost function error

IM. Conclusion

In this paper a simple and efficient method for the
synthesis of microwave filters has been presented. The
synthesis procedure includes transfer function for the
optimization of filters using genetic algorithm in the
framework of Matlab.
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The facial emotion recognition (FER) system is desirable for many research fields such as game
development, social workers, and the autonomous driving vehicles. The most popular research datasets,
called FER 2013 and Extended Cohn-Kanade (CK+), were mainly tested by FER's researchers. However,
testing only one dataset as FER 2013 or CK+ sometimes had limited further improvement of FER's
performance even after data augmentation. Since the sampling FER datasets heavily affected to the
FER's performance, we propose that merging datasets could be another method to improve the FER’s
performance other than using the data augmentation technique. By merging different datasets to magnify
the number of training facial images, the FER performance improved 15.33% of validating accuracy.

I. Introduction

The facial emotion recognition (FER) is the
future instrument for the game industry, social
workers, and developing the autonomous driving
vehicles. Improving FER system’s performance is
still in the primitive stage due to the scarcity of the
FER datasets [5-6] for many FER researchers. The
small number of facial images for training could lead
the overfitting problem when the recent sophisticated
neural networks and data augmentation were applied.
Some FER researchers were decided to more facial
images to improve the further FER’s performance.
But, others claimed that applying data augmentation
on a small dataset could solve the data deficiency.

In essence, Kim et al [1] claimed that applying
data augmentation onto the small number of facial
images in FER dataset robustly solved a problem of
the FER dataset's scarcity. They used the extended
Cohn-Kanade (CK+) [6] dataset and applied with
data augmentation to randomly manipulate facial
images’ transformation. Still, training with a small
number of facial images could lead the bias
result. We discovered that the given small number of
face images to train performed well, but badly
performed on newly detecting facial images even
after the data augmentation.

In addition, Rosebroke [2] explained the
fundamental concept of data augmentation. The data
augmentation randomly added the jitteriness onto the
original dataset’s distribution, and magnify
randomness of the dataset. The data augmentation
generally solved an insufficient number of training
images in a dataset, yet Sakai et al [3] displayed
results which the large number of collected bio
signals sometimes showed better performance than
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the small number
augmentation.

of bio signals with data

In this paper, we compared the performance of
the Xception algorithms with and without applying
the data augmentation on the FER 2013 [5]
dataset. After the comparison, we collected the
additional facial images and combined with different
FER datasets to inspect the result of increasing the
number of the dataset.

I1. With and Without the Data Augmentation

FER 2013 had 48x48 pixels size of 35,813 facial
images and 7 different categorical emotions: angry,
disgust, fear, happy, neutral, sadness, and surprise.
The first result from Fig. 1 without applying the data
augmentation showed the overfitting problem during
the training process. After applying the data
augmentation of that data, the overfitting problem
was resolved, and the performance was slightly
improved from Fig. 2.

However, applying data augmentation on the
small number of facial images could not improve the
FER’s performance further. Therefore, we were
deterministic that increasing the number of facial
images could potentially improve the FER’s
performance.

nnnnnnnnn

-u}l :

PN VY T 1P

] a0 [
nnnnn Epach

Fig. 1 Training the Xception model without data augmented FER 2013
Dataset.
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Fig. 2 Training Xception Model with data augmented FER 2013 Dataset.

II1. Merging Datasets and Test Results

CK+ from Fig. 3 has 640x490 pixels size of 918
facial images within 8 categorical classifications:
angry, contempt, disgust, fear, happy, neutral, sadness,
and surprise. These facial images did not properly
crop and a large portion of background
pixels. Besides, training with the small number facial
images even after applying data augmentation could
lead the poor performance with the unseen
dataset. The training result from CK+ dataset showed
far superior than training with FER 2013 dataset, yet
the model hardly detected the new emotional faces
from unseen facial images. Training only CK+
dataset would not reach the robust FER performance.

We collected facial images from 60 video clips
on YouTube and created intelligent signal processing
lab (iSPL) dataset at Kyungpook National University
from Fig. 3. The iSPL dataset contained 8,173 valid
facials images and 7 categorical emotions as FER
2013. Although the performance showed better
performance than the FER 2013 and CK+, the testing
unseen dataset was still unable to detect the new
facial emotions. Hence, we decided to merge all
datasets together.

All facial images from different datasets such as
FER 2013, CK+, iSPL have different size and
different position of faces. To merge those different
datasets without concerning of such the different
sizes and position of facial images, we created the
facial images threshing (FIT) machine. The FIT
machine contained the multi-task cascade neural
network (MTCNN) [7] and resizing program [2] that
could symmetrically match to FER 2013
dataset. After all facial images became standardized
to FER 2013's size and cropped faces by the FIT
machine, we conducted a final experiment with the
merged dataset.

The final result of the Xception algorithms and
merged datasets from Fig.4 reached 76.32% of
validating accuracy and increased 15.33% comparing
with the 60.99% from Fig. 2. The experiment was
applied with data augmentation in order to prevent
from possible over-fitting problem. From Table I,
applying confusion matrix's evaluation could confirm
the robust improvement of the FER's performance.
We used the unseen private facial images from the
FER 2013 as simulating real-time testing.
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Fig.4 The final result from the merged datasets and the Xception
algorithms.

Table 1. The Result of Confusion Matrix from the unseen private test.

Datasets Precision Recall F1 Score
FER 2013 61.6532% 58.7689% 59.4004%
Merged Dataset 66.6236% 66.8845% 66.6779%

1. Conclusion

To conclude, data augmentation prevents from
the over - fitting problem and also generalize the
entire dataset. However, augmenting the small
number of facial images by merging additional
dataset proved to have further improvement of FER’s
performance but not with data augmentation.
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1. Overfitting
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3. Multi-Class Training

2 dlo]e] Al Pascal VOC olA& & o]w]A] Wf ofe] 222 (multi-
class) 7} b &A1 o] v S AE 2t oA E Hed
HEHZ Fd Al A4 d9FS v 5 oA Ak 234 o o}
T SU2E X oA & AASL FHFORY M E W E <l

3132

m 23

2 =R vlolE AlY] FAIRES WEs] By 8 7 iAo
2 AREEE VGGNetl6S AHE-3+9] 2L ImageNetol| Pretrain € 7F3] ol
Header 3t F715td A8k AIZTh £4 dlolg] A9 232 thad) 2k
+ ORG : Pascal VOC 7% dlo]g] 4l

« DS :ORG dlofg] Alol| 2 S8~ d= 30 o o] HEE dlo[e] Ba
o DSB: DS doJEjAlel A & FelEo] dds 03] HEs 24
* NMC : ORG Hllofe] A9 &3 vlojEjolA of2} Sej2r) obd & 719 &
]o]a /H]

rE = /\Eo]

g v 2R 243
+ NMCB : NMC Ho]EjAlelA]
7}

TAsHA 2507F0] HEs

2% 2004 & = 315o] ORG ®lole] Aol wlsl DS ol AloflA Aol
Stk o] 2, HlofE] o] S E = Ao I

L_/‘I:_oh:]_

Fol I A &

Pl Fasiths A&

65%

60%
55%
50%
40% l

NMCB

a3 2 Pascal VOC dloJg] Al 23l & VGGNet19 A%

oz Felo o BTYS 2s] 9% DSB 5 B 08lY 2
01 A A 4 0Tk 7 AL Klole] ol B B ol
S 416 92 2017 Eojgenn 0 B BR% 27} Uk

7| delek, o)z Fes TP HIR: Hele] % Sk Ase e

H Fasihs 42 ¢ 4 9
A AAZ. ORG 2 olvle 2e) aks ol
5ol AQ FolE AL & Utk 1 ol
7] Wlgel A7N o A5 s A Ao

759} oRAARE: Hold ol A
AAsh ge Tt 2 GAY o3 Gstel A2 ek

A3 NMC 9] A4
fri= NMCAIA EﬂOlEi &9l E
) el

V. 28

& mrelAe ARl g BAS = gl oy 75, Sk =
T, e e 14l A ol AES BAs Bt AP AAE F)
dlol8l Al & Fu7F sl Ad T8 a9lojghs Ae Byt

ACKNOWLEDGMENT
o] =R-L oPNIE AR (WSH)] AYoZ A ATk YL wol
g 712 A7 9 (No. NRF-2019R1F1A1062878)

Z a1 E 3
(1) J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li and L.
Fei-Fei, ImageNet: A Large-Scale Hierarchical Image

Database. IEEE Computer Vision and Pattern Recognition
(CVPR), 2009

(2) https://opensource.google/projects/open-images-
dataset

[3] Tsung-Yi Lin and etc, “Microsoft COCO: Common Objects in
Context”

[4] Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton, “ImageNet
Classification with Deep Convolutional Neural Networks”, NIPS
2015

[5] Karen Simonyan, Andrew Zisserman, “Very Deep
Convolutional Networks for Large-Scale Image Recognition”
[6] Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun, “Deep

Residual Learning for Image Recognition”

054



i olE 541 A

& BPSK, QPSK, 16-QAM, 64-QAM3%

(1st Korea Artificial Intelligence Conference)

soji@knu.ac.kr, dshan@knu.ac.kr*
Communication System

Jihun Kim, Dong Seog Han*
Kyungpook National Univ.

3

L
L

!
Al Z~(wireless access in vehicular environment, WAVE) A2~

9

1 o)

hul

A

A Signal Constellation Classification Model of Deep Learning-based Vehicle
w2 A W}

.42

Communications of the ACM 60.6 (2017): 84-90.

T F D o N Zo o ol *
oo g g M ome oM o = =
o = @ oo o B o ~ X . B
el oo o X B £ g
ﬂMﬂad%E ° N1y 1B 5 =
= = W B o FH wr ﬂml% mm
_ K C o7 0 o r3 X0 o= 0 2
DB T g RO do s X g .
A < gem L w T £ £
%Wl%ﬁm&% BT R o <. %.i 5 -8
G o TSR %o X e S 2
e LT %ﬁcm = ﬁom & TE
= Ko X B = I "
o X w_w DR = ik % 8 & m g o
DELE P [Ny =3 = 38
= W 5 T oo B m N = H 27
m-ﬂ@-zj.om]wﬂ_mﬂ 2 o RN (2=
TRy mR g QO ®H  fm 3E
T H BE %Wﬂn o m o HE s
TRE R o < ®E QG IE = 2
g do & X B e po o < < Wﬂm it =R
e LBz w2 4o O o X Mo o 5
S w T = T o <o =7
w2 it OB oy ! oy O o . SS
N8N o= w o W= 3 Az [
5T w2 85 T oM = B R
NSRS = PIR s g5
) M B 3 X om m AR o i o _A,OT S
= i SR =0

SPwSRe R LR wEL ZE

o ! N o)) o — =

3 xrwra H Yoo ow ofy 2 =
O Bl %%%%ﬁj%dnﬂﬂvﬂ%ﬂ%m%
N oo B R L - eCl: S L =N L SR
o BB dom Wer T o m oqp oo MO o R
Ao O do T o T w1 TR E
e o X0 o) o NI A
- Qe gy oy B T Mo = M) R wm owr B oF < <
N S i E T o o SN o D
el B o= —_ —_— el EEP
T WA T A W ooy T gy W P o oW B o &
&mMJﬂﬁ N oo N B o MW T gt g W oy W B o oy
w2 = ™ oo zo g MU oy o] T O R N ofe W Mo &g | B
ARG L_ wmu of o’ T oy ® Booqw pe R BE up oy RO —
BrasrekiT cEISmEfEscILEcTi
o — O o R o = <4 = o o° o- o <)
PRl T mmmxwwr;z_oauwﬁ%mﬂ%%ﬂU%?MW
W < <) " W o - o M = m g ER lﬂh wr ooy g © o o
Mo nly o Ao G T o X o oY L o] oA o) T R
2 o s O T e B E T W mom Mo ™ N o
%0 Ko o) (L RE OB = ) — o g0 AC — = ;)
g Egﬁonﬂeéev of & ﬂ%@ﬁﬂ%%ﬂ&%aﬁi

— vl X/ ~ —

TETIEIPE AN L SR A R L L L Y
Eoﬂ%E =) _z_oqu% ﬁ_ ux joy T ) oX %ﬂwﬁ %Ezu WL o Mo
° K e O Hr g U m®ET o Mg g
T — ok i) [} O o X o
pETIaeT R ZowsDEHpEZ2 i iTg Ry
ol = o N osE e R Ew =T 5D gy
e = ot Lo 4 cTE RN T REET YT
o RE AR gy o TR X g o mo do 2 A T T R N Fy T

o o o T o =" o = < op T - X
B Yoo R B g B S Ao pE R B e -
4 = o200 m e _ o ool — oyl T =
c.mo o) ﬂi TH Eﬂ U ,.11_ ﬁo E.—.._ —) i\_ o LC = T o AFH Zo .g = EE o s )
= <] — ol < << oo BE for <P o P xw =% &
o Boow N T ol o N T 9o o ) W o X =
i A op B R - - Sl B Bl S
SN = R T R ln = H Y g drzmhiHbhds »o o I

055



1 (1st Korea Atrtificial Intelligence Conference)

gt luk A&FE Ao nE 2E 47

xkyoungsh@knu.ac.kr

Learning—based autonomous driving control auxiliary module design

Kyoungseok Hanx*
*Kyungpook National Univ.

WoERe AEFY 49 Aol gueEel wxE 98 mE BES g Jwom Adsdn. Pt Foog
el Aol 43 Control Policy) A7 #3 A7k Buael, 4570 A% 4594 28 FARAE Hra
Mo s B3 ¥ b vk E@ 19eit 3§ 1% /Mo Aol ol dAsel 7] Wi Aol
AAE AR ABA AAFE A w7 AAY ANE athE BEHAA Aolvlz RE AR Ao FS
AUYY 5 Y BE BES AdduA drh B =RolA AsE FARES o\ AolsldE F7b A & glov
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Figure 1. *

W= (hackbone)o. 2 ARE3L EA 7HZ=7]+= Faster—
RCNN[1]e & PASCAL VOC2007 do]EAlo =z t4F
o] mAP(mean average precision)”} 0.685 ¢l =25 A}
£33t

LZFFHe] A olmA A AFE AE3HY] 8 =
=20 AAEE WHES T 2

Algorithm 1:
Normal score threshold o
Given Faster-RCNN model F'(«)
Given Part Detection model P
Initialize 33, that 5 < «
begin:
Let R be set of strong candidates: F'(«)
Let R’ be set of weak candidates: F'(/3)
S+ P
for r = {ri,r2,...,rv} € R' do
if{3 s C r|forall s € S} then
W+ W +r
end if
end for
R < merge R and NMS(W)
return R
end

Algorithm 1. ¥ =2 4
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MR B2 A&7 F oA 719 A gh(threshold
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2 A 24E 2SSsta v Al A FRES F
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o2 W R 9 3ol & =] Adste HHES
AiEo] Hrl.
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Implementation of Deep Learning-based
Monocular Visual Odometry on ROS-based 2WD system
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Autonomous Driving Scenario Using Cellular V2X System
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3. type.subtype.subsubtype for the finest-grained level (e.g., PER Politician. Governor)
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Implementation of Hand-written Letter Recognizer for Text of Korean Syllable,
Alphabet, Digit and Special Symbol

Hongsoog Kim#*, Jeong—Si Kim
Electronics and Telecommunications Research Institute
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Improving Machine Translation via Cross—connecting Two Autoencoders

Oh Jiun, Choi Yong Suks*
Hanyang Univ., *Hanyang Univ.
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AFetaL @A stated] 7HAE B7heth o] HAS oy 24 Rdo] 5§
Aoz Fefdto] FHFH o Folxl A diste] HH9 gt 4
(perturbation) & A4 3t}

E 1. &8 7138t Action =5

Seq Action Range
1 Pixel value+1l 0~255
2 Pixel value -1 0~255
3 Blur 3%3
4 Do nothing

B oo A= GTSRB(German Traffic Sign Recognition Benchmark)
[3] ElolHAHIEE AME-3lo] AES 183 th. GTSRB Hle|HAE=
ZaeFAH 43709] S 2ol tiste] F 50,0007 onAZ A H o

Ak T4 ZA ojwx] &5 Al & Ass Hole VGGI6H4],

ResNet32[5], MobileNetV2[6]0.2 &4 A%< Adsrt. dddae=
725k Ak A4 29 gaue Ay $AL 489 Bdo A
g 71535t
H 2 Z 34 et 2Ho| EF HEE
Target Model Original Acc. After Attack Acc.
VGGI16 91.9% 16.3%
ResNet32 92.1% 12.7%
MobileNetV?2 92.3% 15.8%

m Z2E

& Aol A= Bl ol Aol tigt S5 vhAA9) AFste)
Al 7S ARgate] A AbE s WS AIjteRlT Alek
dhz 712 Fofxl mpaa g o Aol tiste] H Aol A AdlE

% 79k olw)]

[e}
- T
A7) 918 oA AP action® S5ET o] Frsw Y o
oo A2 23 438 AR U © 2ok A= B2
Aol T 34 AEL Fhsk0] A BRAAE BT F4 2} o
o g Yol mee A7 Agolth
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An Implementation of Object Recognition Module
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A Study on the Development of man machine
integration for the personal intelligence Robot [PR-
Inbot] System.

Tl 8= [43|0H] Y.0.Chin [ Kyunghee UNV]

00. 22 [summary]
PC[E7] E]Lt PT[E7] H2HE Z&StY 7|4
oF QI7HO| X7t &= &7[ZR[PR-E7|7H]]

AA" PHO| Chsto] 7|&3Ct PCOL PTE &
t dEStn RIS 2NN s &
¢ BHL =H=2 HHE Fofsict tE A

HI[SoE]Qt 5GE M Foto] Aoz Ex7|, i
DTNl EAZIXIZ JHOIH|A, TH
ol go|ct & |COh &old 742l &MHIE EA
St HMZHof CHSHY =ofpkCt

Describes the system configuration of Seulgibot

eldg &0

[PR-Seulgikebi] in which machines and humans
are integrated including PC[Seulgiframe] and
PT[SeulgiPhone]. PC and PT are integrated and
redundant functions are adjusted.

The whole is controlled by central control By
linking all sensing[SoE] and 5G, we design and
manufacture portable personal sequins such as
health

base

medical aids, personal caregivers,

personal  communication stations,

personal assistants, and personal radar
iscuss

o A2 [keyword]

&4 Zkerworo] 0

QA E Human intelligence HI
SHAE Material intelligence Mi
AZAE Artificial intelligence Al
b= 21 A5 Senser of everything SoE
=l Sapience robot SR
210f Z FE Wearing computer wc
=S W 2L HAH Robot operating system ROS

EWE [£F] A2
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Robot Control System
with Deep Learning based Beverage Image Recognition

In-Hun Choi, Myung-Hyun Kim,Yeong—In Kim, Eui-Nam Huhx*
Kyung Hee University
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An Implementation of Self—driving Robot to Search for Indoor Location Information
through Object Recognition based on Deep Learning

Yeong—In Kim, In—-Hun Choi, Myung—Hyun Kim, Seung-Jik Kim, Eui—Nam Huh=*
Kyung Hee University
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Abstract—Day by day the demand for monitoring the marine
environment and exploring the ocean is increasing. However,
the limited bandwidth and long propagation delays and trans-
mission delays make it challenging. In this paper, we propose
the Reinforcement Learning (RL) based efficient scheduling
for underwater nodes which communicates with the sink node
using Named Data Networking (NDN) protocol. The RL based
approach is applied at the sink node which provides assistance to
the sensor nodes in scheduling for transmitting data. RL based
approach assist in avoiding collision of packets that engenders
efficient use of an acoustic channel.

Index Terms—Reinforcement Learning (RL), Named Data
Network (NDN), Underwater, Surface Sink, Sensor Nodes

I. INTRODUCTION

Internet of underwater things (IoUT) is defined as the
network of various smart underwater objects which can com-
municate to each other [1]. Different types of underwater
entities including autonomous underwater vehicles (AUVs),
underwater sensor nodes, surface sinks and so on for the
network in IoUT. The underwater nodes in IoUT, however,
have a limited processing capability and battery. Therefore,
these nodes need to communicate using some lighter protocol
for minimum resource consumption. Constrained application
protocol (CoAP) is a lightweight internet of things (IoT)
protocol developed for the constrained IoT devices. Since the
underwater nodes are constrained, CoAP is a highly suitable
candidate for communication among nodes, AUVs and surface
sinks or ships. The CoAP has a minimum header size of
4 bytes and supports reliable communication with a built-
in congestion control mechanism. A detailed overview of the
CoAP can be found in [2].

The communication of multiple underwater objects like
AUVs, nodes, etc. with the surface sink requires scheduling
to communicate over same channel. Numerous scheduling
schemes are available for communication between surface sink
and underwater objects. Two scheduling schemes based on
time domain multiple access (TDMA) are discussed in [3] for
communication between underwater sensor nodes and surface
sink, named as Transmit Delay Allocation MAC (TDA-MAC)
and Accelerated TDA-MAC. The TDA-MAC uses ping mes-
sages to calculate the propagation delay between each node
and surface sink and then sends a transmit delay instruction

(TDI) packet to each node, informing the amount of time it has
to wait to start transmission after receiving the request (REQ)
packet from the sink.The accelerated TDA-MAC caters the
channel underutilization issues in TDA-MAC.

The limited bandwidth and slow propagation speed of
acoustic signals leads to low data throughput for underwater
networks. Machine learning techniques such as RL approach
is applied to medium access control that engenders efficient
use of an acoustic channel. In [4] RL based mechanism is
applied for distributed scheduling in underwater networks to
avoid collision. However, if two nodes sense the channel
simultaneously before taking action, there is also a probability
of collision. If the two nodes share the neighboring informa-
tion between each other such as for neighbor discovery, the
exchange of beacon messages can reduce the probability of
collision. However exchange of beacon messages can increase
the network overhead. In this paper we proposed the semi-
centralized scheduling for transmission of data by the nodes
using RL based mechanism.

The remainder of this paper is as follow. Section II gives
the overview of ALOHA in underwater networks. Section
III discuss about the proposed approach for scheduling in
underwater NDN. Finally the conclusion is drawn in Section
Iv.

II. ALOHA IN UNDERWATER NETWORKS

Underwater sensor networks (UWSNS) is quite similar to
terrestrial wireless networks, both shares a common channel
for message propagation. Having a common channel for trans-
mission and reception leads to collision when multiple devices
access the shared medium. To reduce the data packet collision
there should be a mechanism which will control the allocation
of the common channel to various users. MAC protocols do
the job for efficient channel access mechanism. The primary
task of a MAC protocol is to avoid collision when allocating
channel access to different nodes. Pure ALOHA (P-ALOHA)
was the earliest contention-based MAC protocol invented in
the 1970s. Slotted ALOHA (S-ALOHA) was proposed to
enhance P-ALOHA. S-ALOHA divides the transmission time
into multiple slots [5]. But still there is a probability of
collision if two nodes sense the channel simultaneously.
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ITI. REINFORCEMENT LEARNING BASED SCHEDULING IN
UNDERWATER NDN

In underwater networks there is long propagation delays and
transmission delays. In underwater NDN based network, the
channel for transmission is divided into slotted ALOHA. Each
node when have data to send, sense the transmission channel
and sends the data on the respective free slot. The channel is
divided into limited number of larger time span slots because
of long propagation delay. When nodes sense the channel for
data transmission there is a probability of collision when both
nodes sense the channel simultaneously for transmission. In
order to overcome this problem we proposed the centralized
scheduling of data transmission for nodes using RL approach.
This scheme still allows the nodes to behave in distributed
manner rather than fully controlled by the surface sink as in
centralized scheduling scheme. Wherein distributed scheduling
scheme which is applied at the underwater nodes increase the
network overhead, if nodes share the beacon message with
the neighboring nodes which is not desired for underwater
networks.

Machine learning based RL mechanism is applied at the
surface sink. The surface sink gives the opinion regarding the
scheduling of data transmission and broadcast the message
for other nodes not to transmit at the respective time. The RL
based machine learning is applied at the surface sink which is
considered as the agent as shown in Fig. 1.

RL based mechanism consists of state and action taken
by the agent and in return gets the reward. The surface sink
observes the current state and based on optimal policy takes
the action. The surface sink gets the message packet from
nodes. From message packet it extracts the control information
and the data information. The data information comprises of
3 dimensional hierarchical scheme such as \\location\time
\type. The receive data message gives information regarding
the location of the sensing region, at what time data was sensed
and the type of sensed data such as salinity and turbidity.
The control information collected from the message packet
gives information regarding the received interference strength
in channel (I;), channel gain between sending node and the
surface sink (H;), selected slot indices (V) for transmission
and (L;) represents the proportion of bits remaining to trans-
mit. So the state comprises of number of observations which
includes as given by equation (1).

Sy = [It, Hy, Ny, Ly] (D

The agent based on the policy takes the action gives reward
to the decision made. The surface sink after receiving the
message packet sends the scheduling intervals to the nodes
and also sends the acknowledgement to the sender. The agent
after taking the action rewards +1 if no collision happens, -
1 if collision happens and -0.5 if the sink node receives the
duplicate packet. The collision is detected if the sink does not
receive the message packet at the given slot assigned to the
sending node. The objective of the RL is to find the policy to

maximize the expected cumulative reward as given equation

(2). -
Ry = E[Y_ f"ri +n] 0
n=0

where (8 € [0, 1] is the discount factor.

The state transition and reward are stochastic and modelled
as a Markov decision process (MDP), where the state transition
probabilities and rewards depend only on the state of the
environment and the action taken by the agent. The transition
from s; to s;41 with reward r, when action a; is taken
can be characterized by the conditional transition probability,

P(St+1, rt‘Sn at)-

reward

Environment
L s
Agent e g - °
. g °
a Take Action , y
Policy —> 3 s - o
° ° °
>
o o o o
o @ o o

Observe State

Fig. 1. Reinforcement Learning for Scheduling in Underwater NDN Network

IV. CONCLUSIONS

In this paper, we propose the RL based scheduling scheme
for the transmission of data. This RL based approach is applied
at the surface sink which performs the scheduling on the behalf
sensor nodes to avoid the collision of data packets. RL based
potentially offers opportunities for underwater NDN network
design, due to its adaptive capability and its responsiveness to
environmental changes.
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Abstract— Global demand for energy is on the rise. The
incorporation of renewable energy sources into the grid presents
an engineering and economic challenge. Wind and solar power
are considered to be the next generation of electricity. However,
the wind is often difficult to forecast, as wind speed is typically
stochastic and non-stationary. The prediction depends on the
site of the users and the feasibility of the forecasting should be
observed under technological and regulatory conditions. In this
paper, we propose a wind speed interval forecasting under the
uncertainty quantification pattern. It is well accepted that wind
differs in patterns and weather conditions. Deep learning called
Recurrent Neural Network (RNN) algorithm is applied to
seeking for the optimal prediction error weights. The
implementation considering the two-season situation that
carried out by observation of the three-month wind speed
pattern. The result shows that the trained and tested model can
achieve higher quality forecasting value.

Keywords— Deep learning, optimal prediction, artificial
intelligence, recurrent neural network, wind speed forecasting.

I. INTRODUCTION

Wind speed interval estimation plays an important role in
renewable energy generation. Especially in solar power
generation and wind power generation. The output of wind
energy and solar energy is outstanding among many new
energy sources. The International Energy Agency (IEA)
forecasts that wind capacity is projected to increase by 60%
(325 million KW) by 2019 [1]. As wind speed can change
drastically in just a few hours, the issue of wind power
generation and solar power generation lies in its reliance on
wind fluctuations. In the wind power generation, it further
hinders incorporation of getting wind power. In the solar
power generation case, the wind speed determines the cloud
motion condition that affects the output of the power system.
Therefore, prediction of reliable wind speed is an important
prerequisite for large-scale production and utilization.

Il. MODELLING TECHNIQUES AND STRUCTURES

In several power systems, the stability and sustainability
of power generation and the reduction of greenhouse gas
emissions are key concerns to consider. Wind power
prediction, which is commonly considered to be a highly
variable time sequence, plays a key role in overcoming such
challenges [2]. Generally, the studies divided into four
categories: physical model, conventional statistical model,
spatial correlation model and artificial intelligence model [1].
The proposed wind speed forecast methods offer point
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estimates of future values. In practice, the precision of point
estimates can be influenced by variability in model
parameters and input data. For practical applications,
information on the uncertainty of forecasts is important to
properly manage the energy system. [3].

Weather Data
a Information

¥

Forecasting

Energy |, AI Value and
Storage Al Analysis
System

(ESS)

Photovoltaic
Plant Installed

Figure 1 Modelling techniques and structure
of wind speed forecasting

Acrtificial intelligence construction prediction model is
proposed to minimize the error estimation of the wind speed
condition. Variable wind speed data is used to decompose
complex wind speed time series. The Recurrent Neural
Network (RNN) model is designed to predict wind speed and
the error. The prediction error for this model is given by
weight and accumulated to obtain the width of the forecast
interval.

A. Data Collection

The condition of wind speed will vary under changes in
the weather situation. Voltage and current output power will
change because it is influenced by wind speed. In the case of
solar power generation, wind speed will determine the cloud
size that affects the total solar radiation to the photovoltaic
system. Besides, in the wind generation system, it will
determine the rotation of the wind turbine system. The
inherent variability and uncertainty affecting renewable
energy sources which have a major impact on the power
supply, and accuracy and reliability forecasts of the power
production from renewable energy sources are required at
different time scales. For this purpose, forecasting the
performance of renewable energy sources is crucial for their
efficient incorporation into the grid and for dealing with their
uncertain and intermittent existence [3].
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B. Wind Speed Forecasting

Wind prediction is complicated due to the high degree
of uncertainty and variance of the wind. Windspeed is a time
series that can be defined as a collection of observations of a
parameter or a set of parameters taken at several time
intervals. Time scale needs to be established. Wind speed
forecasting in this paper is described every one hour ahead of
prediction. These intervals are typically of normal duration.
If the time step between data points is not compatible or data
is incomplete, this should be corrected to a standard time step
if the data is to be used for forecasting purposes. Real-world
time series are very diverse. Some time-series data shifts
slowly and reasonably smoothly. Monthly energy demand
can be a sequence of periods like this. Other time series can
exhibit relatively chaotic behavior, making them difficult to
predict [4].

I1l. IMPLEMENTATION RESULT OF DEEP LEARNING MODEL
FOR WIND SPEED

Comprehensive studies should be included in a systematic
assessment of wind speed forecasting process, as this will
improve confidence in the results. We use wind velocity
datasets for solar panels located in South Korea. The data
used is from January 2020 until April 2020.

Real-time

Processing .
data Forecasting
R | o || L tomn
& d cleaning Result a.nd
ataset Weather analysis
data

Figure 2. Wind speed prediction architecture.

This paper uses Jupyter software, which gathers the data from
the renewable energy company. The algorithm obtains the
precision of analytics. We can predict the value of their data
in the future using the RNN algorithm by using wind speed
data.
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Figure 3. Wind speed predicted
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Figure 4. Wind speed forecasted

IV. CONCLUSION

Implementation of the Al algorithm is presented to provide
data stability, reliability, and data pattern-based
interoperability. The algorithm will find the pattern of the data
by using deep learning and will forecast using RNN in the next
stage. This implementation can be used as the Energy
Factories approach technique. Hence, in terms of electricity
efficiency, we should have a reasonable maintenance plan. To
give the outcome of the forecast, more reliably and effectively,
structural changes were essential for this implementation. In
order to offer the outcome of prediction, more reliably and
accurately, sustainable improvements necessary for this study.
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Abstract

Feature extraction is usually considered as one of the most essential parts in wearable sensor—based human activity
recognition (HAR) and classification tasks in general. In this paper, we carry out an investigation into feature extraction
methods of both conventional machine learning and deep learning as well as feature fusion of these two approaches
for wearable sensor-based human activity recognition. The hand-crafted features and automatically learning features
are combined in order to provide the most useful information for the classification task. The experimental results on a
benchmark dataset indicate that using hand—crafted features with deep learning models can give a better performance
compare to other feature extraction methods.

I . Introduction

Recently, human activity recognition (HAR) has
gained great attention as its contribution to the domain
of healthcare and human-computer interaction. With
the ubiquity of smart wearable devices which contain
powerful sensors, human activities, and abnormal
behaviors can be automatically detected using the
sensor data.

Research on human activity recognition can be
generally grouped into two main approaches:
conventional machine learning (ML) approach and deep
learning (DL) approach. Conventional ML methods have
been widely applied to HAR for the last two decades, in
which the system contains two main parts: feature
extraction and activity classification. Essential features
are extracted from the sensor data by using several
feature extraction methods in both time domain (e.g.,
mean, standard deviation) and frequency domain (e.g.,
Fourier Transform, Wavelet Transform) before being
fed into some conventional classification models such
as k-nearest neighbors (kNN) and support vector
machine (SVM) [1]. Although this approach has
succeeded in gaining significant achievements, it still
has some limitations as the feature extraction often
requires domain knowledge.

In the last few years, in the rapid growth of deep
learning algorithms and powerful computational
resources, several studies have delved into applying DL
to human activity recognition [2, 3]. With extraordinary
architectures such as convolutional neural networks
(CNN) and long short-term memory (LSTM), deep
learning has opened a new approach for human activity
recognition where the features can be automatically
extracted without expert knowledge. In addition, these
deep features also help improve the performance of
HAR, especially in complex activity recognition.
However, there is an opening question which is whether
DL automatic feature extraction methods always
outperform the conventional methods.
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II. Method

In order to answer the question, we carry out several
experiments on different feature extraction methods:
The Wavelet transform, CNN, and LSTM on the public
HAPT dataset [4]. The dataset contains data collected
from accelerator and gyroscope embedded in a
smartphone mounted at the waist of the users. Thirty
participants carried out 12 activities: 6 basic activities
and 6 postural transitions.
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A
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A
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(a) CNN (b) LSTM (¢) Feature fusion: CNN-LSTM
Figure 1. Three considered deep learning based HAR

architectures
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First, the data is split into fix—-sized windows with
an overlap of 50%. The Haar mother wavelet is used
to extract the discrete wavelet transform (DWT)
coefficients from the sensor data. Six HAR models
have been made from the combination of 3 main
architectures (CNN, LSTM, CNN-LSTM) and 2 types
of input data (raw data, DWT coefficients). The
detailed structures of the 3 main architectures are
shown in Fig. 1. The CNN and LSTM models are
implemented with standard sequential connections in
which the CNN model contains several convolutional
layers and maxpooling layer, followed by fully
connected and softmax layers. In the feature fusion
CNN-LSTM model, instead of connecting CNN and
LSTM sequentially, the two sub-models are
parallelly operated. An attention mechanism
proposed by Luong et al. [5] is exploited to combine
two outputs from the two sub—models.

The dataset is randomly split into 80% for training
and 20% for validation. A L1-regularizer is used in
all six models in order to avoid overfitting. In order
to make a comprehensive investigation, two
conventional ML methods: SVM and KNN (k = 7) are
implemented. Each model is run for 10 experiments
and the average accuracy is used as a performance
metric. The results from the models are shown in Fig.
2. It can be clearly seen that, in most of the cases,
the hand-crafted features give higher accuracy than
the raw data except for the CNN model where the
raw data achieve only 0.5% higher than the discrete
wavelet transform features. In the feature fusion
CNN-LSTM model, although both types of input data
are used, it is not the one that gets the highest
accuracy. The LSTM model which uses DWT data as
input gets the highest accuracy and 3% higher than
the raw input data.

100
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mRaw Data ®DWT Raw Data - DWT DWT - Raw Data

Figure 2. Performance comparison of different models with
different input types

1. Conclusion

In this paper, several feature extraction methods in
both conventional and deep learning approaches have
been implemented and applied to HAR. The
experimental results indicate that although deep
learning approach can automatically extract features
from the raw data, in some cased, by exploiting the
strength of domain knowledge in hand-crafted features,
we can improve the performance of the system.
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Abstract
Artificial Intelligence (Al) and Internet of Things (10T) is a soft smart revolution in industry 4.0. 10T is a world of
sensors that connecting the physical objects such as computers, vehicles, appliances and other devices together and
collect data over a wired or wireless network. On the other hand, these 10T systems are exposed to various types of
cyber and physical attacks. As the modern threats continues to enlarge on, Al techniques, as intelligent methods which
can learn and decide without the human intervention, have been widely used to enhance the 10T security in different
ways. In this paper we survey the existing methods in which one of the Al methods has been used to defend against

malicious attacks to loT.
1. Introduction

The number of things connected to the Internet and using
10T technology is estimated at 14.2 billion as of 2019, and
it reaches 25 billion by 2021 [1], and by 2025 more than 75
billion devices will be connected to the Internet [2].
Wireless Sensor Networks that monitor and control electric
transmission tower, traffic lights, industrial machineries,
and healthcare systems are kinds of 10T devices that attacks
against them has bad influence on critical systems [3, 4].
Therefore, security is the greatest challenge for 10T. On the
other hand, due to latency, transferring data to the cloud for
processing is a time-consuming method. Hence, edge
computing is an appropriate solution for transferring data
processing to the edges. This causes to expose data to more
attacks. One of the most recent approaches to enhance the
10T security is to utilize artificial intelligence (Al) methods.
Al investigation continues to advance and it has gradually
been applied to many fields of 10T security [2]. In this paper
we review the most recent application of Al methods to
increase the 10T security.

2. Materials

To know more about the probable security threats to 10T
systems and existing Al methods to defend against different
types of attacks, in this section, we explain briefly about the
l0T systems, their security threats, and recent investigations
about the application of Al for 10T security.

2.1. Internet of Things (loT)

Internet of Things (IoT) now refers to billions of physical
devices around the world that are connected to the internet,
and which are collecting and sharing data with each other.
Physical devices can refer to connected medical devices, a
biochip transponder (think livestock), a solar panel, a
connected automobile with sensors that alert the driver to a
myriad of possible issues (fuel, tire pressure, needed
maintenance, and more) or any object, outfitted with
sensors, that has the ability to gather and transfer data over
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a network. Therefore, in the 10T the type of communication
is machine-machine (M2M). loT systems have three layers:
application layer that provides service to users, network
layer including GSM, WiFi, 3-5G, etc. ,and perception layer
which consists of physical and MAC layer [5]. For
successful implementation of Internet of Things (10T), the
important  prerequisites including real time needs,
availability of applications, data protection and user privacy,
execution of the applications near to end users, and access
to an open and interoperable cloud system.

2.2. 10T security threats

10T systems exposed to different types of attacks including
active and passive cyber attacks and physical attacks.

In the active attacks, malicious acts are carried out against
data confidentiality as well as data integrity. They can also
aim for unauthorized access and usage of the resources or
the disturbance of an opponent’s communications. There are
variants of active attacks such as sybil, jamming, spoofing,
Dos, data tampering, and malicious input attacks.

Passive attacks are performed in a way that it cannot be
detected easily. This is due to the fact that the adversaries
do not make any radio emissions. In passive attacks,
attackers are typically hidden, and tries to collect data from
communication lines. These types of attacks can be divided
into different groups including eavesdropping, node
malfunctioning, node tampering/destruction, and traffic
analysis types [6]. Physical attacks refer to the attacks that
physically damage 10T devices. The attackers do not need
any network to attack the system. Therefore, this kind of
attacks are subjected to physical 10T devices such as mobile,
camera, sensors, routers, etc. by which the attackers
interrupt the service.

2.3 Al used for loT Security

As the modern threat landscape continues to enlarge on,
adding artificial intelligence (Al) to a security strategy result
in maintaining an effective security position. Considering
the speed and complexity of modern cyber threats, network
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security teams need the support of machine learning and
other Al-based capabilities to detect, secure, and mitigate
the attacks. Artificial Intelligence (Al) is classified to four
major techniques: machine learning (ML), fuzzy model,
probabilistic models, and Metaheuristics [7]. Recently, Al
has enhanced the security of 10T in device authentication,
Dos attack’s defense, intrusion detection, and malware. Al
techniques has unique solutions for these threats. The
common processes of Al solutions are data collection, data
pre-processing, model selection, data transformation, train
and test, and model deployment [8]. Machine learning
techniques provide the security for 10T by affecting the three
layers of 10T with various methods such as Supervised,
Unsupervised, and Reinforcement learning [9, 10].

In supervised learning the output is classified based on the
input with a learning algorithm as in classification problems.
In unsupervised learning there is not output for input data
and the data is classified as what happens in clustering. In
reinforcement learning the machine learns from interactions
with human. Machine learning uses several techniques for
loT security such as classifying security attacks, Active
learning for intrusion detection, security analytics learning-
based malware detection system, learning-based
authentication system, and hybrid intrusion detection
system [11, 14].

Another Al method that is called Metaheuristic is a
procedure which is designed to find a good solution to a
difficult optimization problem. This algorithm is generally
used for feature selection and tries to mimic biological,
physical, and natural phenomena [12]. To increase the 10T
security this method is used for intrusion detection and
attack recovery.

There is also a fuzzy model technique that works based on
fuzzy logic. Fuzzy logic is a method of reasoning which is
similar to human reasoning. The approach of fuzzy logic
includes all intermediate possibilities between digital values
yes and no. This model is used for privacy and identify
management, malware and attack detection by applying
various methods such as clustering, classification, and
ranking. The efficiency of security risk management
depends on the speed and quality of clustering and
classification of security threats [13].

Finally, the probabilistic model is a way to prove the
existence of a structure with certain properties in
combinations. The behavior of probabilistic systems
modeled as discrete-time Markov chains (DTMCs), MDPs,
or CTMCs. Indeed this model used for complex system
attacks such as anomaly learning and detection, and security
analytics.

3. Conclusion

In this paper we reviewed existing methods for enhancing
the security of 10T devices and detection and mitigation
techniques against attacks to 10T with Al techniques.

It turns out that various Al methods such as machine
learning, fuzzy model, probabilistic model, and
metaheuristics model have been used to make loT secure
against cyber and physical attacks. It has been deduced that
Al-based methods have shown outstanding improvement in
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10T security against cyber and physical attacks specifically
in intrusion, anolamy, and malware detection. Certainly, in
future due to artificial intelligence constant breakthroughs
the 10T security will have a clear vision and it may soon
offers the means to successfully secure the IoT.
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Abstract— The effect of Artificial Intelligence (Al) on
smart manufacturing is increasing rapidly. The Al-based
open-source web application enables users to build and
distribute live code, calculations, visualizations, and
explanatory text documents, and also supports the data
cleaning and conversion, numerical simulation, mathematical
modelling, machine learning, and much more are used by the
industries. This paper describes the processing data particle
PMzsand creates prediction using an Al algorithm from those
data which the result can be implemented in the smart
factory. To support the accuracy of the prediction of the Al
method in the smart factory environment, the author uses
Jupyter Notebook based on the source web application. This
deployment will lead to performance improvement, cost
reduction, process management, shortened product cycle
production times, and increased productivity for the
manufacturing sector.

Keywords— Artificial Intelligence (Al), Al Platform, PM; s,
Smart Factory, Manufacturing, Jupyter Notebook

. INTRODUCTION

The advancement of Artificial Intelligence (Al)
technology has continued to grow rapidly especially in the
field of a smart factory. Al is one of the main key roles in
smart factories that will lead the market size to expand.
From statistics [1]. This shows us the increase in the
revenue of the Al global market from 2018 to 2024 which
is estimated to be around 126 billion USD as shown in
Figure 1 below.
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Figure 1. Revenues from the Al software market
worldwide from 2018 to 2025 (in billion U.S dollars)
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The increment of Al global market as Figure 1 shows,
driven by three factors. The first factor, the growth of
demand for the application of predictive maintenance and
machinery inspection, which are widely spread usage of
computer vision cameras in machinery inspection. The
second factor, the implementation of the Industrial Internet
of Things (I110T), and the third factor is the use of big data
in the manufacturing industry. This growing of Al global
market needs to reduce operating costs and machine
downtime also complements the growth of the application
of predictive maintenance and machinery inspection in
industries [2].

As a big element of this digital transformation, Al is being
touted. Even with new innovative Manufacturing 4.0
innovations, the majority of connected devices in
manufacturing, including initiation, management, tracking,
and feedback, are still unable to make decisions without
human intervention. Infusing knowledge into these
physically linked things will increase the value that can be
produced from them exponentially. The purpose of a smart
factory is endorsed by Al; one that will function with
minimal human contact [3].

In addition to improving the environment and the quality of
indoor air quality in smart factories, Al-based smart factory
can also optimize efficiency, quality, cost, and resource
management processes at the global production level. It is
also directly proportional to the size of the Al market that
drives the growth of the size of the smart factory market.

This paper explains a smart factory that runs the Al
Platform, related to the measurement of environmental
values in the plant, such as Particulate Matter (PM3s).

1. Al PLATFORM BASED ON OPEN SOURCE

To process and train the data of PM;s in the Smart
Factory, the authors have implemented the Al algorithm
using Jupyter Notebook. The Jupyter notebook is based on
a set of collaborative computing open standards. For
interactive computing on the internet think HTML and
CSS. Third-party developers will utilize these open
standards to create customized applications with embedded
interactive computing.

With its modular framework, Jupyter Notebook
expands the notebook to visualization, multimedia,
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collaboration, and more beyond code. It stores code and
output, along with markdown notes, in an editable
document called a notebook, in addition to running the
code. This is sent from browser’s users to their notebook
server when they save it which stores it as a JSON file with
a.ipynb extension on the disk. The design architecture of

HTTP &
Websockets

Notebook
Server

Il

Browser

Jupyter Notebook and its interface can be seen in Figure 2.
Noteboaok

| f—
File

Figure 2. The Jupyter Notebook Interface

The notebook server is responsible for saving and
loading notebooks, so even if the user doesn't have the
kernel for that language, the user still can edit notebooks.
There's nothing the kernel knows about a notebook
document: it simply gets code cells sent to run when the user
runs them [4]. The kernel of a notebook is a "computer
engine" that executes the code found in the Notebook file.
A python code is executed by the ipython kernel which
kernel exists for many other languages (official kernels).
The associated kernel is automatically launched when the
user opens a Notebook File. The kernel performs the
computation and generates the results when the notebook is
executed (either cell-by-cell or with the menu Cell -> Run
All). The kernel can consume important CPU and RAM
depending on the type of computation. Remember that the
RAM is not released until the user has shut down the kernel.

I1l. IMPLEMENTATION AND RESULT

To predict PMys concentration in a factory
environment, the authors were using RNN (Recurrent
Neural Network) that we can shape several sets of
sequences, from the data using time from a continuous data
set, and also from certain sets of data sequences, we can
observe the correlation between sequences. To form a
network, Simple RNN has several neuron-nodes. Per node
(neuron) has a real-valued activation that varies in time.
Each relation has a real-value weight, which can be
modified in each case. [5].

The human presence in the cleanroom is the most
easily observed associations in PM, s data, according to the
aim of this research is to get the smart factory environment.
The PMs concentration will also increase as more
individuals come into the cleanroom.

After processing the data using Jupyter Notebook, we
get the experimental result to predict one day ahead of the
concentrate of PM_ s, in respectively, the accuracy of Mean
Absolute Error (MAE) 0.08, Root Mean Square Error
(RMSE) 0.11, and Mean Square Error (MSE) 0.01.

As we can see from Figure 3, the graph of prediction in
the blue line is near to the real data which the line is red.
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Figure 3. Result Implementation. Prediction PMzs
using RNN Method.

IV. CONCLUSION

The purpose of the work presented was to implement Al
by building prediction machines as the basis for the smart
factory with time-series data. The RNN model reveals
substantial results in the long-term PMas concentration
based on historical data. Nevertheless, to improve the
accuracy of the prediction machine and extend the reach of
the smart factory operated by the Al network, the model
needs to be further and more varied in the future. Finally,
the prediction of PM2s status will assist operators in the
operational policy and allocation of smart factory capital.
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A Design of Tomato Disease Classification Based on Artificial Intelligence
Multiplex Environmental Control System
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e—UNet: Efficient U-Net for Brain Stroke Lesion Segmentation

Hyunkwang Shin, Gyu Sang Choi
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8

HEFS A AAYCRE 7}*‘ 53 AR Aitolm, Az og HAMM ATt AY HEFT WHS &
gttt o) B2 Aol AQEH, MEoe FA QA oESA H7 wie] HEFT ¥WS 5o
Hasle A7 o5t A2 | gd 24y g ARFA dEYA 76ke) oju)x] B& Ay} @o] 7
B AAR, B2 mEnE -r9} 27] & EAZE EATY. o] EAE A f]OH 71&¢] U-Net 7+
%] e-block¥} Non-local blocks %83 e-UNet(Efficient UNet)& A <t3lt} e-UNeto] A%< H7lst7] 9

8 ATLAS(Anatomical Tracings of Lesions After Stroke) H o] Z

Dense-UNet Bt} ¢ U4 A5& @43k

.42

MEFE ¥9) Qo] HAAY PN A F9I7 £4io) ¥
Wi, 4 AA A o F wA AIGlelTlL Qu o MEE W
& WA A7 43 MR oln|Ho] T3ke W RIUL ol B
& Azbo] 2259, @%44 24 Q4o 23] 7] ool ¥
W PR A% A58 A7k BASTH2L. MEF WAe 19 13 o)
2ot A7t e egat%, chke giRel4) w g ek

A2 9 Az | o Wk P AR WEAD F]ue] ojnlA
B ks EER CL R EEE

Dense-UNet[5] 5o] 9l
el tay Fzo Sklp connectiong A3 F2E o]Fo]A it 3}
At 249 AEFA A7)9) th "\E%%‘Oﬂ g8 24 & 4= 9 5
A AR YAkeo] AsE o =] 2
Aol a8 n|Ht}h Il 7)E9) o]u]x] 23l o
gulEfSo] 2 Erh

£ =EoAE felA
AT} e UNete 7129] U-Neto] AME = ARZHS Zlo]s
& (Depthwise Separable Convolution; DSC)[6] 7]1F¢] e-block 2.
2 thAgto = 845 vlebue|E E9lth =3k Non-local block[7]S %
& A7) oA A A3, 7]29 SegNet, U-Net, 2D Dense-UNet

Bt e vag,

o3k

UH T

A A28 94l e g
AE Zod e
7

II. e-UNet

B =RoAE HE5 Wl 288 98 e-UNet& A8, L2
a8 29} 2tk e-UNet 7]% U-Net 1204 ALFA it Bl 7]
(brige) ¢J#]9] e-block @ Non-local blocke] &€t} 712 U-Net&
7F A T e 3x3 AT dibe FAEH, 2(K2aM) vehv]E
F7F S5 K g9He 27, CHME g Ad T, e s

ok
oF

ggglomn 7]&9] SegNet, U-Net, 2

=)

A= e-blocke 1x1 ARFAE AM3lo] HE $5 2%
9] Zlo]d ALE-F X (Depth-wise Convolution)#} 1x1 ABFZHS-
& Azel A7 Ark A WA Aike 3x3 Zlod 7AEFAE B3
A EAS FEL, Ix] ABFAS B &9 Ad9 & 24)
I %, T 3x3 ol ABFAI 1x] ABFAS 59 ¢
sgatA &8 A4 . AlgkslE e-blocke] ThEbulE
CM+ O K*+2M) + 20 K*+ M) o)W, 7} AlZ& C3K*+5M) wEe] ¥
gole] 5 A k. webA, 7 AlFe] T ogkEbE S 2ol
e—block F}eHE] 5/ 7] A B4 ShebvlE] S = 3/2M+5/2K7 ) o]
it

9 O_I_4

ol

o6 o K
&
S )

ool
T o

i.zflf-.*‘i.

s

N
=

4 4

48 9

m 2% 2 243
3.1 do”HAl

HEF wHl B gidh e-UNete] A5& Huksl] 94
ATLAS(Anatomical Tracings of Lesions After Stroke) Hlo]E{[2]E A}

119



1 (1st Korea Atrtificial Intelligence Conference)

24181

T
1419064
24192

112636128

[ —

11298384

10618

[
S6cdf128

L

- e =
rl | m e-block
:é; |._<I§ % = - Mon-local block
E - = E = & B -
D? % -. Up sampling(2x2)
13 2. e-UNet +%
|3t} ATLASE therst Wido] 2akd 229709 Atad T1-7153 2yl
J =] = & 2
(T1-weighted) 3D MRIZ 7A€t 7} 3D o] 1897¢] Sete] [1] Johnson W., Onuma O., Owolabi M., et al.: Stroke a global
2 A, 233x197 om] o)A 224x192d A u YEY S o=

A g,

32 44 44
B =R 513 A5(5-fold cross validation) S E3) A¢lshes &
S A58, J7HAEE Dice score, FUE, AASS AFESCE 71

rlo m&

>- 2D Dens-Unet, U-Net, SegNet 223} AoF3l= e-UNet 7k A5%

nl sk Aitoln, )& wdol wvls) Dice score9} AHUEr} T4 S
golgt 4= ok E3 o UNete] abulg] 4 115ME 7|2 wdnt}
7§1€_ g].a].u]a g} ojx\]-pko:r_ r:n:ﬂ_q 3] {ﬂ:, 2= o];]r
E 1L Xs A%
Dice AT Ade g F
2D Dense-UNet  0.4741 05613 0.4875 41.3M
SegNet 0.277 0.3%4 0.2532 29.5M
U-Net 0.461 0.599 0.445 34.5M
e-UNet 0.480 0.624 0451 11.5M
VAZ
E =RdMe HEFT 228 9 e UNet mdS Ao,

eblockg B3 855 7bsd stebielel ¢ BgHoR 23 £
ozA BAZ FAdon ATLAS Holg

21| 7125— At Ae sy $o} 6EF 2

ACKNOWLEDGMENT

o] =& 0199 % (I eHRENT) ] Adoz AT

ol 523l AF(2019R1A2C1006159) 01w, W] ef 22 3} 8k

A5 AE ] WHCTATHESA A LAt oﬂ?gq
9lom (II'TP-2020-2016-0-00313), 201613 %= Ake} BAFA} 13-

1 2ked7) %971 UKEIT) 74 2| glol 2@ %7+ (No.10063130,
E 2R S Agehe g gD vEe

9] eloEflo] A A2 AL 7)% )

response is needed. Bulletin of the World Health Organization 94(9),
634 (2016)

[2] Liew, S. L., Anglin, J. M., Banks, N. W., et al.: A large,
open-source dataset of stroke anatomical brain images and manual
lesion segmentations. Scientific data (2018)

[3] Badrinarayanan V., Kendall A., Cipolla R.: Segnet: A deep
convolutional encoderdecoder architecture for image segmentation.
IEEE Transactions on Pattern Analysis and Machine Intelligence
39(12), pp. 2481 -249% (2017)

[4] Ronneberger O., Fischer P., Brox T.: U-net: Con- volutional
networks for biomedical image segme- ntation. In: International
Conference on Medical Image Computing and Computer—Assisted
Inter- vention. pp. 234 - 241 (2015)

[5] Li X, Chen H, Qi X, et al.: H-denseunet: Hybrid densely
connected unet for liver and tumor segme- ntation from ct volumes.
IEEE Transactions on Me- dical Imaging 37(12), 2663 - 2674 (2018)

[6] Chollet F.: Xception: Deep learning with depthwise separable
convolutions. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. pp. 1251 - 1258 (2017)

[7] Cao, Y., Xu, J, Lin, S., Wei, F., & Hu, H. Genet: Non-local
networks meet squeeze-excitation networks and beyond. In
Proceedings of the IEEE International Conference on Computer
Vision Workshops. pp. 0-0 (2019)

120



1 (1st Korea Atrtificial Intelligence Conference)

Octave U-net & ©]&3F AA &3 o|njx] &3 EF W
1

A5 2 AgF, 94 J%d

= , MmO
PR E L, 2 g AR AT

Khr1393@knu.ac.kr, kwangju@etri.re.kr, ktl@etri.re .kr, dhc@ee.knu.ac.kr

Biomedical Image Segmentation and Classification Using Octave U-net
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Abstract
Agent-based clinical decision support systems are important to the medical industry and they can be used to
improve the healthcare quality in various ways. These systems assist doctors and nurses to make diagnosis,
prognosis and treatment, gathering medical data, and remote monitoring the elderly or patient people at home. This
paper reviews some existing applications of multi-agent clinical decision support systems in medical and clinical

workflows and problems.

1. Introduction

Decision making in medical areas is vital most of the time
and have always been accompanied by mistakes due to big
data management problems, incomplete or low amount of
data or lack of knowledge and experience in nurses and
primary care physicians who are in charge of initial
physical examinations [1]. Clinical decision making
follows a complicated multi-stage process, that includes
data collection, diagnosis, prognosis and treatment
suggestion and planning [2]. Clinical decision support
systems (CDSS) are typically designed to integrate a
medical knowledge base, patient data and an inference
engine to generate specific advice for decision making [3].
Recently, agent-based systems has been hailed as a new
method for intelligent software systems. Multi-agent
CDSSs allow doctors and nurses to gather sufficient
information from distributed data sources in a short time
and process the data in different ways in order to help with
medical and clinical decisions and enhance the decision's
accuracy. The areas these systems can help in is diverse
from storing and retrieval of medical records and data
management to patients history and X-Ray analysis for the
purpose of diagnosis and gathering and examining real-
time data from monitors. In this paper we survey existing
research in multi-agent CDSSs to review current trends in
this area and investigate the capability of multi-agent
models to provide support for the clinical needs.

2. Basics of multi-agent CDSS

In this section we briefly explain agents, multi-agent
models and how they are used in medical sector. Then we
discuss clinical decision support systems and their general
role in assisting clinicians.

2.1 Agents

The word agent has many definitions in intelligent systems
but the more common definition is that an agent is a
system that can autonomously interact with, perceive, and
act upon the information it perceives from the environment
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[4]. Therefore, some commonly used characteristics of an
intelligent agent are reactivity, autonomy, learning,
cooperation, reasoning, communication and mobility.

2.2 Multi-agent systems

Multi-agent system (MAS) is a loosely coupled network of
agents that cooperate with each other to solve the problems
that are beyond the individual capabilities or knowledge
when there is no global control system. Therefore, to solve
a specific problem, different agents have to focus on a
different area or can only solve a specific part of a problem.
In these systems, typically there is a core agent which is in
contact with all other agents and coordinate agent activities.

2.3 CDSS

To improve health care, clinical decision support systems
(CDSSs) support clinicians, staff, patients, or other
individuals with knowledge and specific information or
intelligence at appropriate times. The CDSS possibly will
provide suggestions, but the clinician have to filter the
information, review the suggestions, and decide whether to
take action or what action to take.

3. Applications

Multi-agent systems has been widely integrated with
DSSs to support medical and clinical decision making.
Multi-agent CDSS (MA-CDSSs) can help in various
areas which we are going to explain in this section.

3.1 Data repository management and data mining

One of the important applications of MA-CDSSs is to
benefit non-specialist users providing easy access to
clinical data. Having access to more data make the
decision making process easier and more accurate.
Therefore, to gather useful information, there are several
steps that must be taken such as securely connecting a
network of clinical centers and gathering distributed data
[5,6], sharing data, data synthesis and pre-processing,
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data mining [7,8] ,and feature extraction [9] which can be
done by MA-CDSSs.

3.2 Diagnosis, prognosis and treatment

A specific type of CDSSs are diagnostic decision support
systems (DDSS) which are developed to provide potential
diagnosis, prognosis and treatment corresponding to
given signs and symptoms. Applying multi-agent models
in CDSSs, common decision making mistakes made by
less experienced nurses in history and physical
examination (H & P) processes [1], incomplete inputs,
and primary care Physicians [10] can be eliminated.
Moreover, in diagnosis of some sort of disease, that
requires the combination of many different types of data
including family and patient histories, laboratory results,
imaging results and physical findings, such as Cardiac
disorder [3,11] and variants of brain tumors [12,13],
multi-agent CDSSs have shown to be successful.
Moreover, machine learning has been integrated with
MA-CDSSs in innovative ways. As an example in
IMASC systems, a distributed CDSS has been proposed
to assist physicians in diagnosing a certain disease by
using supervised learning techniques [3].

3.3 Patient remote monitoring

A cornerstone technology in remote monitoring elderly
and patient people is the decision support systems. These
systems can generate risk detection decisions by
gathering (e.x. via sensors which are attached to the
patient), and analyzing data and finally sending the
decisions to a remote monitoring center to take action
when there is a real threat. There are various ways to use
DSSs to improve the remote health care procedure such
as encapsulating specific DSSs in intelligent agents that
can exchange knowledge and intelligence, ALISA
project ,QUOVAD project [14], and AGALZ as an
autonomous agent to guarantee that the Alzheimer
patients assigned to the nurses are given the right care
[15].

4. Conclusion

This paper has presented a survey of recent research on
the multi-agent clinical decision support systems to

support decision making in clinical and medical problems.

Multi-agent CDSSs can assist in different ways such as
data gathering, management and information retrieval,
diagnosis and treatment, and patient remote monitoring.
Researches on using these systems for diagnosis and
treatment is more extensive and most of CDSSs are
merely used to retrieve information and assist physicians
and nurses to discover new patterns. In none of the
previous researches attempts were made to reduce the
decision making time but mostly attempt to increase the
decision quality. In most of the papers, the researchers
tries to give innovative ideas rather than investigating and
assessing their efficiency which makes it difficult to
compare different methods.
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Abstract

Facial landmarks detection has been used as important information for problems such as head pose estimation, facial emotion
expression, face recognition, and face modelling. The facial keypoints are point information on the face such as eye corners, eye
centre, mouth corners, nose, jawline, eyebrow points and so on. In this paper, depthwise separable convolution is used to predict
vital keypoints on the face which is trained with public datasets with additional data. The face is detected with a widely used face
detector. The predicted keypoints are mapped on a face detected to detect keypoints in real-time. The model is evaluated with
wing loss and adaptive wing loss.

I . Introduction

Facial landmark detection is also known as a facial
alignment problem, is one of the challenging problems in the
field of computer vision [1]. The landmarks can be used in
applications such as face recognition, facial emotion
recognition, self-driving cars and so on. With improved
landmark detection, facial information can solve various
facial alignment problems. Building a system with
Convolutional neural networks (CNN) has been widely
popular since it outperforms the traditional approach in speed
and accuracy. Using CNN with deep structure, landmarks can
be predicted and detected simultaneously. It can extract a
high level of features needed for the prediction. In this paper,
the deep learning approach depthwise separable convolution
is used to predict the facial keypoints and mapped with the
detected face in real-time.

I. Experiment

The model trained with 300W [2] dataset which consists of
XM2VTS, AFW, HELEN, LFPW and IBUG with additional data
adding up to 112K grayscale images with 68 (x, y)
coordinates. The input size scaled to 112x112 resolution.
The model is implemented with Keras framework with epoch
at 300 and batch size of 100. It uses Adam optimizer with
learning rate fixed to 107 throughout the training. The model
is evaluated with wing [4] and adaptive wing loss [5] as
described by equations 1 and 2 respectively.

x .
. o In 1+u if|[x<w (1
wing(x) = £
|x|-C otherwise

where o is a non—negative constant which sets the range of
the nonlinear part to (-0, o ), € limits the curvature of the
nonlinear region and C = © - o In (I1+ o / & is a
constant that smoothly links linear and nonlinear parts. The
parameters are setto ® =10 and ¢ =2.

a-y
Y-y : A
- )J il -P)<0

wln((1+

Awing(y,3) =
Aly-3|-C

e y and y are ground truth and predicted values, respectively.
Unlike wing loss o as the threshold, © is the new variable

otherwise wher
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threshold to switch between linear and non-linear part. The
o, ©®, ¢, and a are positive values. A= o (1/(1+( 6 /
e )M a-»A 6 /) )1/ e) and C= (6 A-0
In(1+(© /e )*¥) and are used to make smooth and
continuous loss function at |y- §/= © . Similar settings from
the paper (11) are used such as o =14, 6 =0.5, ¢ =1, and a
=2.1.
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! |
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BN EN
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Figure 1: (Left) standard convolution layer and (right)
MobileNet

The facial landmarks are predicted using mobileNet [6]
model which is based on depthwise separable convolutions.
The depthwise separable convolution is depthwise
convolutions followed by pointwise convolution. In Fig. 1, the
standard convolution layer is followed by batch normalization
(BN) and rectified Linear units (ReLU). In MobileNet, the
depthwise separable convolutions with depthwise and
pointwise layers followed by batch normalization and ReLU.
The depthwise separable convolution into two layers, where
one layer for filtering and another for combining inputs
whereas the standard convolution both filters and combines
inputs into a new set of outputs in one step.

Single-shot detector (SSD) with ResNet as the backbone
model is used to detect the user’s face in the input image. In
Figs. 2 and 4, the model accuracy with wing and adaptive
wing loss functions are depicted in the plot with width
multiplier 1 and 0.5, respectively.
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Figure 2: Model accuracy Loss functions with width
multiplier=1

Figure 3: Facial keypoint detection with width multiplier = 1

In Figs. 3 and 5, the facial keypoints detection in real-time
is demonstrated with width multiplier 1 and 0.5 respectively
for wing and adaptive wing loss functions.
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Figure 4: Model accuracy Loss functions with width
multiplier=0.5

Figure 5: Facial keypoint detection with width multiplier =
0.5

Table 1: Model Accuracy of MobileNetV1 with wing loss and

Adaptive wing loss
Loss Width
Model function multiplier AcClracy;
. a =1 84.4%
MobileNet Mnelos Mo 05 | s25%
V1 Adaptive a =1 84.9%
wing loss a =0.5 81.5%

The model trained is 3.3M and 0.9M parameters in total for
width multiplier 1 and 0.5, respectively. The model trained
with adaptive wing loss has higher accuracy compared to
wing loss. The model loss of adaptive wing loss is
considerably lower than wing loss. The model sensitive to

extreme head poses orientation and occlusion.

II. Conclusion

In the paper, MobileNetV1 is used to predict the 68 facial
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keypoints. It is mapped with the detected face using an SSD
detector with ResNet. The facial landmarks can be lost if the
initial face detector failed to detect faces. Facial landmark
detection is sensitive to extreme facial poses, occlusion and
illumination conditions which can be improved.
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Abstract—In recent years, precise fault detection and local-
ization of the power system are focused as the major research
interest to ensure system protection and enhance the power
quality. To protect power transmission line, identification of faulty
phases is necessary and fault should be cleared accurately and
reliably as fast as possible. Digital signal processing methods
has made it easier to analyze faulty signal and -efficiently
detect precise fault. In this paper, we present machine learning
approaches to detect and classify power line fault from the voltage
and current signal.

Index Terms—Empirical mode decomposition (EMD), Hilbert
huang transform (HHT).

I. INTRODUCTION

ODERN power suppliers aim at providing reliable and

high quality power to the consumer. Fault occurrence in
power systems creates impediment to this regard. Since faults
can-not be avoided, it is evitable to recognize the faults and
restore the supply of power by clearing the fault [1]. The major
fault scenarios that are observed in power transmission line are
Single line-to-ground faults, Line-to-line faults, Double line-to
ground faults and three phase faults. These fault occurs mainly
due to the lightening, falling trees on line and equipment male
function. For the protection of power system, a protection
scheme based on the operation of relays and circuit breakers
has been developed. Various computational tools based on
signal processing techniques has been employed for the proper
functioning of protective devices. But, recently with the devel-
opment of digital signal processing techniques and evolution
of machine learning algorithm, every system is turning into
an intelligent system [2]. In this paper, we have presented
how a power system can be intelligent to detect and classify
fault by itself. The rest of the paper is organized as follows: In
section II, we have demonstrated machine learning approaches
to detect and classify faults. We have studied feature extraction
method in brief there. We have concluded our article in section
1.

II. PROPOSED APPROACH
A. Workflow for Detecting and Classifying Fault

Recent advancements in the sensors for collecting various
data popularize machine learning algorithms for decision mak-
ing purpose. It has achieved paramount importance in com-
plex, large and heterogeneous data processing where manual
investigation may arise ambiguity. Over the years, various

Md. Habibur Rahman, Md Morshed Alam, and Yeong Min Jang are with
the Department of Electronics Engineering, Kookmin University, Seoul 02707,
South Korea (e-mail: rahman.habibur@ieee.org; yjang @kookmin.ac.kr).
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Accuracy

Fig. 1. Proposed methodology.

machine learning algorithms have been developed in order
to perform classification, regression, and in general pattern
recognition. Among these the most common algorithms are
the support vector machine (SVM), the neural networks, the
k-nearest neighbor (KNN), the logistic regression, the deci-
sion tree, the random forests, the linear discriminant analysis
(LDA), the case-based reasoning, the naive Bayes, and the
fuzzy logic [3]. In the following figure, methodology sing
machine learning algorithm to classify the fault is given below:

B. Feature Selection and Predictive Model Generation

Over the years, many soft computing techniques including
Fourier Transform, Wavelet Transform and S-Transform are
emerged as the popular techniques to detect the transient
of power system network [4], [5]. Necessary features are
extracted from these techniques. These extracted features are
employed to train the machine learning classifier namely ANN
and Fuzzy logic as well to detect and classify precise fault.
Power system fault detection based on Wavelets and artificial
neural networks (ANN) have been proposed in [6]. But the
methods are limited due to having low accuracy during high
impedance faults and when the fault inception angle is near
zero [7]. Wavelet based combined fuzzy logic classifier is
also introduced in the literature [8] for classification of faults
of power system. Heavy load on power system also limits
the accuracy of Fuzzy logic classifier [9]. Recently, EMD
and HHT has been proposed for feature extraction instead of
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TABLE I
FAULT CLASSIFICATION LOGIC TABLE.
A phase | B phase | C phase | Fault type
0 1 1 AG
1 0 1 BG
1 1 0 CG
0 0 1 AB
1 0 0 BC
1 1 0 CA
1 1 1 ABC

wavelets of voltage and current signal. The best features for
the intended purpose are:

1) Energy distribution of instantaneous amplitude.
2) Standard deviation of amplitude.
3) Standard deviation of phase.

80% features out of the whole data set are splitted for training
and the rest are kept for testing in general. Then, the trained
data set are feeded into any of the machine learning classifier
to train and generate the predictive model for detecting and
classifying fault. Based on the Following logic table faults are
classified.

C. Performance Measures for Classification

To properly evaluate the validity of the model we need to
use proper performance measurement. In case of classification
task we use precision, recall and F-score for each class defined
by following equations. All these metrics may be obtained
from confusion matrix. Precision represents as the number of
examples correctly classified as class divided by the number of
all the examples labeled by the classifier. Recall is the number
of examples correctly classified as class divided by the number
of all the examples of class in the data. F-score is a harmonic
mean of the above.

Precisi True Positives )
recision =
Total Predicted Class

Recall — True Positives @)
Total Example of Class

Precision*Recall
Fscore = —————— 3)
Precision+Recall

III. CONCLUSION

In this paper we have studied in details how EMD and HHT
assists to extracts features from voltage and current signal.
Employing those features how machine learning algorithm
can be applied detect and classify the fault. We have also
demonstrated performance parameter to check our predictive
model which will ensure the validity of our predictive model.

ACKNOWLEDGMENT

This research was financially supported by the Ministry of
Trade, Industry and Energy (MOTIE) and Korea Institute for
Advancement of Technology (KIAT) through the International
Cooperative RD program (Project ID:P0011880).

135

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

REFERENCES

J. A. Jiang, C. S. Chen, and C. W. Liu, “A new protection scheme for
fault detection, direction, discrimination, classification, and location in
transmission lines,” IEEE Trans. Power Del., vol. 18, no. 1, pp. 34-42,
Jan. 2003.

J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd ed., vol.
2. Oxford: Clarendon, 1892, pp.68—73.

Binkhonain, M., Zhao, L. (2019). A review of machine learn-
ing algorithms for identification and classification of non-functional
requirements, Expert Systems with Applications: X, 1, 100001.
doi:10.1016/j.eswax.2019.100001

Aravena JL, Chowdhury FN. A new approach to fast fault detection in
power systems, inlnt Conf Intell Syst Appl Power Syst, Florida, USA;
1996. p. 328-32.

T. Dalstein, and B. Kulicke, “Neural Network Approach to Fault
Classification for High Speed Protective Relaying,” IEEE Trans. Power
Del., vol. 10, no. 4, pp. 1002-1011, Apr 1995.

Youssef OAS. Combined fuzzy-logic wavelet-based fault classification
technique for power system relaying. IEEE Trans Power Delivery,
2004;19(2):582-9.

B. Das, “Fuzzy Logic-Based Fault-Type Identification in Unbalanced
Radial Power Distribution System,” IEEE Trans. Power Del., vol. 21,
no. 1, pp. 278-285, Jan 2006.

Shukla S, Mishra S, Singh B. Empirical-mode decomposition with
hilbert transform for power-quality assessment. /[EEE Trans Power
Delivery 2009;24:2159-65.

Huang NE, Wu MLC, Long SR, Shen SSP, Qu W, Gloersen P, Fan
KL. A confidence limit for the empirical mode decomposition and
Hilbert spectral 18 analysis. Proc R Soc A: Math Phys Eng Sci
2003;459:2317-45.



(1st Korea Atrtificial Intelligence Conference)

On the Performance Gains of Federated Learning
Edge Caching in Vehicular Internet of Things

Lilian C. Mutalemwa and Seokjoo Shin*

Department of Computer Engineering, Chosun University, Gwangju 61452, South Korea
Email: lilian.mutalemwa@gmail.com, *sjshin@chosun.ac.kr (corresponding author)

Abstract—In fifth generation (5G) wireless networks, one main
challenge of edge artificial intelligence is to train machine learning
models by aggregating a large amount of data that are distributed
at different edge devices. Sending training data to a centralized
cloud server introduces prohibitive communication overhead.
Moreover, many types of data contain privacy-sensitive personal
data. Federated learning (FL) is a recently proposed machine
learning paradigm that allows to collaboratively train a shared
model for many users without direct access to the raw data. In this
study, we highlight the performance gains of FL edge caching.
Subsequently, we outline the advantages and challenges of FL
edge caching in vehicular Internet of things. It is shown that FL
edge caching provides robust, stable, and flexible systems while
ensuring a privacy-preserving solution for the data owners.

Keywords— Edge caching; federated learning; 5G; vehicular
internet of things.

L.

With the emergence of the fifth generation (5G) wireless
networks, various devices in communication networks are able
to connect and exchange information more efficiently than
ever before [1]. Connected devices in the Internet of things
(IoT) continuously generate enormous amount of data which
would be requested by IoT application users. Transmitting
requested [oT data from cloud servers would lead to increased
network traffic and long delays. Therefore, edge caching
mechanisms are used to ensure reduced latency and network
traffic. Edge caching utilizes storage resources of edge nodes
(ENs) by caching popular data files at the ENs. Then, user
equipments (UEs) such as client vehicles in vehicular IoT can
obtain the cached files from the ENs such as road side units
without explicitly communicating with the cloud servers [2].

Federated learning (FL) edge caching is a decentralized
machine learning (ML) edge caching technique that allows to
collaboratively train a shared model for many UEs without
direct access to the raw data. The technique allows distributed
UEs to train local machine learning models on their local
datasets and upload it to a server for a global model
aggregation. FL edge caching is radically different from other
more established techniques which upload raw data samples to
Servers.

In this study, we present an overview of the operational
features of FL edge caching. Then, we highlight the
performance gains of FL edge caching in 5G application
scenarios. Moreover, we outline the advantages and challenges
of FL edge caching in vehicular [oT.

INTRODUCTION
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The remainder of this paper is organized as follows. Section
I presents an overview of the FL process and the unique
features of the FL mechanisms. Section III outlines the
advantages and challenges of FL edge caching in vehicular [oT.
In section IV, the paper is concluded.

II.

A. Federated Learning Process

In general, FL presents an efficient training pattern which
involves three main phases as demonstrated in Fig. 1. In phase
1, the global model on the server initializes model parameters
and then all the UEs download the shared global model. In
phase 2, each UE trains the model on its local data
independently. Thus, each UE computes an individual update
based on its local dataset. In phase 3, all local trained models
are uploaded to the server via a secure protocol tunnel and are
aggregated to learn a new global model. Then, the new global
model is sent back to the UEs [3]-[5]. The learning process is
iterated for many communication rounds until the global
model is able to converge to the global optimal, a threshold
level is achieved, or a desirable training accuracy is achieved.
To ensure reduced communication overhead, FL frameworks
employ selective communication such that only the important
or relevant updates are transmitted in each communication
round [3]. Only the model parameters or gradients are
transmitted instead of the raw data.

FEATURES OF FEDERATED LEARNING

B. Unique Features of FL

FL has the following unique properties as compared to
other decentralized ML algorithms. (1) Ability to handle not
independent and identically distributed (non-IID) data; the
training data on a given UE is typically based on the usage of
the device by a particular user, the wireless environment the
UE experiences, the computation capability of the UE, and the
energy consumption of the UE. Hence, any UE local dataset
will not be representative of the training data of all UEs [6], [7].
In FL, the challenge of non-IID data can be met by merging the
updates of the models by using the FederatedAveraging
(FedAvg) algorithm [6]. (2) Unbalanced data; some users will
make intensive use of a service or app than others. This can
result in varying amounts of local training data. Furthermore,
some UEs may have more computation tasks to be handled and
some may experience more states of mobile networks. This can
result in unbalancing training data among the UEs [6], [7].
Also, this challenge can be addressed by the FedAvg algorithm
[6]. (3) Limited communication; UEs
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Fig. 1. An illustration of FL process.

are frequently and unpredictably offline, on slow or expensive
connections, or they are allocated with poor communication
resources [6], [7]. However, in FL, additional computation
could decrease the consumption of communication rounds
needed to train a model. Moreover, FL only asks a part of UEs,
in one round, to upload their updates, which handles the
situations where UEs are unpredictably offline [6]. (4) Privacy
preservation, FL has the ability to collaboratively train a
learning model on their individually gathered data, without
revealing their privacy-sensitive data to a centralized server [5],
[8]. Also, the information that needs to be uploaded to the
server is the minimal update necessary. This feature is
particularly useful in applications where datasets from the UEs
are privacy-sensitive. Furthermore, the techniques of secure
aggregation and differential privacy can be employed to ensure
privacy preservation of data in the local updates [3], [6].

C. Performance Gains of FL Edge Caching

Several benefits of using FL in edge caching systems were
demonstrated in [3], [6], [9], [10]. We summarize the benefits
as follows. (1) System becomes more cognitive; in systems
with a large number of UEs, the UEs can acquire various,
abundant and personalized data for updating the global learning
model. The data could include the quality of the wireless
channel, the remaining battery life and the energy consumption,
and the immediate computation capability. On the ENs, the
cognitive data could include the computation load, the storage
occupation, the number of wireless communication links, and
the task queue states waiting for handling. As a result, the use
of abundant and personalized distributed data instead of
centralized training data ensures the system is more cognitive.
(2) System becomes more robust; since FL can address the key
issues such as the availability of the UEs, unbalanced data,
and non-IID data, the performance of the systems is not easily
affected by the unbalanced data or poor communication
environment. Furthermore, its ability to handle non-IID data
allows massive UEs in dynamic environments to train their
own models without considering the overall negative effects.
(3) Improved flexibility; in FL,
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additional computation could be used to decrease the number
of communication rounds to train a model. The additional
computation can be achieved by increasing the computation
per UE. Therefore, UEs can decide to vary the number of
mini-batches in training to adjust the communication cost. (4)
Reduced network traffic and energy consumption; the
decentralized training can significantly reduce the network
traffic and energy consumption by sending only the features of
interest rather than raw data. (5) Stability despite loss of
connectivity; FL does not rely on synchronization among
learners. Hence, even during a loss of connectivity between
the ENs and UEs, the UEs can still build their local models.
The feature is particularly important for highly dynamic and
mission-critical applications such as vehicular IoT [9].

III. FEDERATED LEARNING EDGE CACHING IN VEHICULAR

INTERNET OF THINGS

A. Suitability of FL Edge Caching in Vehicular IoT

FL attracts a lot of interests from a large number of
industries due to growing privacy concerns. Future vehicular
IoT systems, such as cooperative autonomous driving and
intelligent transport systems (ITS), feature a large number of
devices and privacy-sensitive data where the communication,
computing, and storage resources must be efficiently utilized.
Therefore, FL edge caching is a promising approach to solve
the existing challenges [11], [12].

The use of FL edge caching in vehicular IoT was
considered in [3], [9], [11], [12], [13]. It was presented that the
novel services in vehicular IoT systems present problems
which can be addressed through the use of FL edge caching.
The services demand unprecedented high reliability, high
accuracy, and quick response. Furthermore, some services
experience an extreme variance in their resource demands
with respect to time, location, context, as well as individual
users. Also, the vehicles are equipped with different types of
sensor devices that generate and handle privacy-sensitive data,
and the environments vary with time and road types. In such
scenarios, FL edge caching helps to realize intelligent
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vehicular IoT systems and privacy-preserving collaboration
among different vehicles and road side units.

B. Challenges of FL Edge Caching in Vehicular IoT

In general, traditional FL algorithms suffer from the
challenges of massive communication overhead and non-IID
data [14], [15]. The accuracy of FL algorithms is significantly
reduced when highly non-IID data is used as compared to
when IID data is used. The communication overhead of FL
mainly comes from the global model aggregation and update
processes [3], [5], [8]-[12], [14], [15]. For instance, there
exists FL algorithms that require each UE to communicate its
full gradient update which may be in the size of gigabytes
based on the learning architecture, and its millions of
parameters. The size can increase to reach petabytes when the
training is conducted on large-scale datasets [5]. The FedAvg
is an example of FL algorithms that suffer from massive
communication overhead. In [18], it was shown that the
communication overhead in FL can impact other parameters
such as the model accuracy and training time.

In vehicular IoT environments, the deployment of FL
incurs several key challenges as highlighted in [3], [12], [13].
(1) The selection of UEs (client vehicles) for FL should
address the mobility, communication bandwidth, and the
specific scenarios that the UEs could represent. The mobility
of vehicles makes it difficult to maintain continuous
synchronized communication between the server and the
vehicles. The consideration of mobility and communication
bandwidth ensures a successful dissemination of the learning
model and an accurate aggregation of local updates from the
UEs. The consideration of vehicle scenarios guarantees that
selected data for training includes a wide range of samples,
avoiding the over fitting for a non-representative scenario. (2)
Most vehicular IoT applications have stringent latency and
reliability constraints. Therefore, it is important to devise an
enhanced FL architecture which is more suitable for vehicular
environments. (3) The dynamicity of vehicular environments
makes the communication and computational resource
allocation particularly difficult. Consequently, it becomes
important to design efficient resource allocation algorithms
that could satisfy the need of FL. (4) Centralized curator for
aggregation is vulnerable to security threats which can lead to
failure of the whole learning process. An asynchronous FL
architecture was presented in [13] to mitigate the challenge.

V. CONCLUSION

This paper presents an overview of the operational features
of FL edge caching. It highlights the performance gains of FL
edge caching. Furthermore, it outlines the advantages and
challenges of FL edge caching in vehicular IoT. It is shown
that FL frameworks exchange only model parameters learned
locally at client vehicles. As a result, FL edge caching provides
a better privacy-preserving solution for the data owners while
ensuring robust, stable, and flexible systems.
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Abstract—Recently, many machine learning-based hy-
brid beamforming algorithms have been studied to imple-
ment the practical mmWave dense MIMO systems with
high spectral efficiency. Hybrid beamforming algorithm
based on deep reinforcement learning (DRL), is claimed to
be the state-of-the-art technique regarding the computation
time to achieve high spectral efficiency. Nonetheless, DRL is
known to suffer from overestimation, which reinforces the
algorithm to converge to a suboptimal behavior. Herein,
we investigate overestimation in DRL-based hybrid beam-
forming using the angle representation of analog precoder.
We discuss possible directions, based on the behavioral
interpretation, to handle the overestimation.

I. INTRODUCTION

Hybrid beamforming (HBF) enables the practical im-
plementation of mmWave dense MIMO systems with
high spectral efficiency [1]. Its effectiveness comes from
the separation of the analog/digital domain, reducing
the number of costly components such as converters
between the analog/digital domain. Among a myriad
of work applying the modern machine learning tools
to HBF, in this paper, we focus on algorithms based
on deep reinforcement learning (DRL). The benefit of
DRL-based HBF is the short online computation time
and robustness to channel estimation error [2f.

Overestimation in DRL is a well-known issue, that
can make the algorithm converge to a suboptimal be-
havior. Moreover, overestimation is inherent and exists
whenever the function estimator is imprecise [3]]. Double
Q-learning [4] is known as a ubiquitous solution for
DRL with discrete states, but it is not suitable for DRL
with continuous states which correspond to dense MIMO
systems. Meanwhile, clipped double Q-learning [S]] can
handle DRL with continuous states.

To the best of the authors’ knowledge, overestimation
in DRL-based HBF has not been studied. Herein, we
observe the overestimation behaviors of inherent states
and discuss possible remedies.

The contribution of this paper are the following:

Robert W. Heath Jr.
Department of Electrical and Computer Engineering
North Carolina State University
Raleigh, NC 27695, United States
Email: rwheathjr@ncsu.edu
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(b) Algorithm flow of DRL for HBF
Fig. 1: DRL-based HBF concepts: (a) Hardware, (b) Algorithm

o We properly observe and interpret the overestima-
tion behavior of the inherent state in DRL-based
HBF algorithms.

o We discuss remedies to the overestimation, pro-
viding experimental results on toy examples. We
sketch to provide intuition towards an extension to
practical problems.

II. OVERESTIMATION PROBLEM IN DRL-BASED HBF

We implement an exemplary DRL-based HBF, sim-
ilar to [2|], with only one learning parameter Fg%
We consider a 128 by 16 MIMO system with 2 ra-
dio frequency chain and data stream in Figure [Ta]
We apply the learning model in Figure [Tb] with
state s; = {FBBngEI),WRwaBB}’ action a; =
{FBB,FS)F,WRF,WBB}, and reward r; that corre-
sponds to s;y; and channel H. We consider a narrow-
band channel model with IN,, = 2 path clusters with

angle of arrival vector (0, {5) and angle of departure vec-
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Fig. 2: Statistical interpretation of angle parameter Orr of RF
precoder (per subsequence for selected SNR of 5dB and 7 = 0.5 - 1073)

tor (0, 13a-75)- We represent Fg% with angle parameters
Orr,1 and Orr o following the beam steering fashion [6].

Figure |2| depicts the overestimation issue in DRL-
based HBF. The spectral efficiency staggers up to Sub-
sequence 10, reaching almost 17. After Subsequence 15,
we observe an increase in spectral efficiency, linearly
up to Subsequence 30. Again, after Subsequence 40, we
observe negligible oscillation. The means of angle pa-
rameter Orr,; and Orr 2 are both zero at Subsequence 1.
The mean of angle parameter Orp 2 tends to increase up
to Subsequence 30, where it lies near its target. However,
the mean of angle parameter fgr,; does not converge to
its target. It tends to decrease up to Subsequence 30,
where it lies near —1.5 - 10™2 not converging it to its
target of zero. We interpret that the overestimation of
the state Ogp,1 = —1.5- 103 is the main source leading
to suboptimal behavior. To be specific, the baseline
starting with Ogp 1 = O, explores frp,1 around 0. Due
to the imprecision of function estimator, the value of a
negative frr,; becomes higher than that of Ogr; = 0.
The overestimation of value induces a poor policy to
select negative frp 1. The poor policy then results in
a bad estimation of value. Overall, the overestimation
accumulates throughout the recursive update of value [J3]].
We observe the accumulated error as a “drift” in Ogp 1,
causing its tendency of decreasing.

III. CONTROL OF OVERESTIMATION IN DRL

Overestimation in DRL with discrete states can be im-
proved by the use of separate networks, respectively for
selecting and evaluating an action in the max operator of
value updates [4]. Similarly, for continuous states, deep
deterministic policy gradient (DDPG) separately trains
target networks and online networks in an actor-critic
learning fashion [7]]. The target networks are delayed
copies of online networks, where a parameter 7 controls
the delay. For stable learning, DDPG requires a small

7. The small 7, however, slows the change of target
actor network, eventually making the target networks and
online networks similar. Therefore, the practical use of
DDPG needs further solution of overestimation.

On one hand, using the minimum value estimate of two
separate networks is a quick remedy of overestimation
in DDPG, at the cost of additional computation from
the extra networks [5]. On the other hand, multi-step
bootstrapping method [8] in the value estimate with-
out additional networks introduces underestimation that
needs further investigation in DRL-based HBF. Overall,
the behavioral interpretation of DRL-based HBF using
angle representation is interesting to observe the effect
of remedies introduced by [5]], [8].

IV. CONCLUSIVE REMARK

Interpretation in DRL-based HBF is important, in the
sense that it allows us to observe the behavioral details
more than just its explicit performance. We illustrated
the overestimation behavior in DRL-based HBF, with
an exemplary implementation using angles, which is
not explicit based on observed spectral efficiency. As a
specific result, the poor “beam steering angle” behaviors
accumulate overestimation errors, eventually lead to a
suboptimal value of spectral efficiency throughout the
learning process.

The behavioral interpretation, and remedies of the
overestimation, of DRL-based HBF using angle repre-
sentation make more margin of the tradeoff between
computation time and spectral efficiency. Using the
minimum value estimate and multi-step bootstrapping
method can be further combined to control the overesti-
mation.
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Abstract

Localization using Wi-Fi received signal strength (RSSI) signals gives accurate results for indoor localization.
However, the signal interference, multipath effects and non-line of sight conditions (NLOS) from the indoor
experiment area degrade the localization performance. To compensate for these localization challenges that exist in
Wi-Fi RSSI based localization systems, we propose a hybrid deep learning model (HDML) based localization system
which uses RSSI heat maps instead of raw RSSI signals. The HDLM in the proposed system utilizes the combined
form of convolutional neural network and long short—-term memory network (CNN-LSTM) architecture and improves
the system'’s localization performance. The experiment results and analysis show that the proposed HDML based
localization system reduces the localization error with the help of RSSI heat maps and gives better localization
performance than CNN and LSTM models. The proposed architecture archives 88% model accuracy for localization
than other deep learning models.

I. Introduction

Localization using Wi-Fi received signal strength
(RSSD) [1] is an effective localization approach when
the inertial measurement unit (IMU) sensor based [2]
or camera-based [3] localization systems show high
margins of localization errors. In Wi—-Fi RSSI based
localization approach, the system utilizes access
points (APs) in the experiment area and estimates the
user distance from APs. The localization accuracy of
the Wi-Fi RSSI based localization systems depends on
the accurate user distance estimation from APs. To
estimate the distance from APs, a free space path loss
model (FSPLM) [4] is used which utilize the RSSI
values from APs. The RSSI signal values from APs are
easily fluctuate with indoor channel conditions such as
multipath effects, non-line of sight (NLOS) conditions
and signal interferences. To stabilize the RSSI data
from APs and enhance the indoor localization
performance, we propose a localization system which
uses the RSSI heat maps instead of raw RSSI values
and estimates the user position. The proposed system
feed the heat maps into a hybrid deep learning model
(HDLM) and predicts the user x and y position values.
The HDLM is a combined form of convolutional neural
network and long short-term memory network (CNN-
LSTM) [5] and estimate the user position accurately.

In this paper, we analyze the performance of the
proposed HDLM for indoor localization. The proposed
HDLM gives accurate localization results for RSSI heat
maps and improves the localization performance. To
validate our proposed system performance, we
compare the proposed HDLM performance with CNN
and LSTM models and analyses the model accuracy
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for indoor localization. Through extensive
experiments and result analysis, we demonstrate the
superior performance of the proposed HDLM with
CNN and LSTM models. The rest of the paper is
organized as follows; Section Il presents the proposed
indoor localization system using Wi—Fi RSSI heat maps.
In Section III, we discussed the experiment results and
analysis of the proposed localization system and
Section IV concludes the paper.

I. Proposed Indoor Localization System Using Wi-Fi

RSSI Heat Maps

The proposed indoor localization system effectively
utilizes the advantage of RSSI heat maps and reduced
the localization error. The RSSI heat map-based
localization approach reduced the localization
challenges faced by Wi-Fi RSSI signals and gives
better localization performances. Fig. 1 shows the
proposed indoor localization system using Wi—-Fi RSSI
heat maps [6].

In Fig. 1, the proposed system collects the RSSI
data from APs and generate RSSI heat maps for each
location. The unique characteristics of the each RSSI
heat map are a useful information for the localization
and each heat map pattern represents the x and y
location values of a particular location from the
experiment area. The generated heat maps are used
as input for the HDLM and the model predicts the user
x and y positions. The HDLM in the proposed system
uses a CNN-LSTM architecture and train the CNN-
LSTM with heat maps. The model after training is
ready for location prediction and gives the user’'s x
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and y positions for test data. As compared to CNN and
LSTM models, the proposed HDLM uses the combined
features of CNN and LSTM models and gives the best
results for indoor localization. The CNN model in the
HDLM gives the classification results with spatial
features. The output of the CNN model is given to the
input of the LSTM model and which predicts the
location results with sequential data. The HDLM model
uses the image as the input and gives user’s location
information.

RSSI Data
Collection

RS5I Heat Maps Generation

l l

Location 1 Location N
RSSI Heat Map RSSI Heat Map

| l

Hybrid Deep Learning Model

l

Training Weights

| OFFUNE

ONLINE

Test Location X

li icti
Online Prediction Heat Map

1

Estimated
Location

Fig. 1 Proposed indoor localization system using
Wi-Fi RSSI heat maps.

III. Experiment and Result Analysis

To evaluate the localization performance of the
proposed HDML based indoor localization system, we
did an experiment with an Android smartphone. The
user holds the smartphone in his hand and walked in
the experiment area. The Wi—Fi RSSI receiver module
in the smartphone collects the RSSI values from APs
through an Android application. The collected RSSI
data used for heat map generation and generated 3000
heat maps for model training and 1500 heat maps for
testing. Fig. 2 shows the localization performance of
the different models.

From Fig. 2, the proposed HDLM model achieves a
minimum localization error than other models and
converges the localization error quickly. As compared
to other models, the HDLM gives accurate localization
results with RSSI heat maps. The model accuracy from
each model is summarized in table 1.

From Table 1, the proposed HDLM gives the best
model accuracy than other models and reduces the
localization error for Wi-Fi RSSI based localization
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systems. From the experiments and result analysis,
the proposed HDLM outperforms existing approaches
and gives accurate user position results for indoor
localization.
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Table 1: Accuracy comparison of models.

Model Accuracy (%)

CNN 82.30 %

LSTM 85 %
Proposed HDLM 88 %

IV. Conclusion

In this paper, we analyze the performance of the
HDLM based indoor localization system using Wi-Fi
RSSI heat maps. The experiment and result analysis
show that the proposed HDLM based indoor
localization system provides accurate localization
results for Wi-Fi RSSI based localization systems. The
Wi-Fi RSSI heat map-based localization system is an
alternative  solution for Wi-Fi  RSSI  signal
interferences. The heat map-based localization
system is also reducing the multipath effects for
indoor environments and gives better results for
indoor localization. In the future work, we intend to
add the advanced deep learning architectures such as
generative adversarial networks for Wi-Fi RSSI heat
maps—based localization systems.
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Abstract— In this article, we have implemented an optical
camera communication-based system to collect data from the
human body using a pulse oximeter sensor. The system is mainly
designed for convenient operation, long-term use, warning
status, etc. So, the data collection and process in the output can
show some unusual data in the receiver, this unusual data is
eliminated by using a sliding window technique. After the
inclusion of the sliding window, we can eliminate the noisy data
as a result the BER will improve as well. We have also shown
the improvement of performance by using a sliding window at
the receiver in Python 3.7.

Keywords—optical camera communication, pulse oximeter
sensor, sliding window

I. INTRODUCTION

Optical camera communication (OCC) is an interesting
topic in the field of healthcare application because of its
radiofrequency free properties. The healthcare data are
collected using a wearable sensor connected to a
communication device to provide healthcare services across
the users. The transmission of health information can be done
wired and wireless. Wired-connected sensors are odd, costly,
and consume high power [1]. On the other hand, currently,
radio-frequency (RF)-based devices, such as Bluetooth,
ZigBee, and 6LowPAN are mostly used for wireless
communication objectives [2-5]. However, it can cause
serious damage to human health and negative biological
effects in the human body when long-term involvement with
electromagnetic radiation (EMR) originating for RF. Some
literature has given the overall implementation of the OCC
system for eHealth application, but the error rate is quite high.
By motivating this we have designed a sliding window
algorithm at the receiver to remove the unwanted signal for
lower bit-error-rate. We have also designed a system that
collects data of heart rate (HR) and blood oxygen saturation
(SpO») from a pulse oximeter sensor and send the data using
LED array as transmitter [6], [7]. The camera is used as a
receiver and processed in python environment with neural
network for LED detection and data collection. After
collecting the data at the receiver, the sliding window
technique is used to reduce the unwanted noise at the receiver.
In that case, we can improve the error performance at the
receiver. Actually the error is happened due to the motion
interference of the input sensor or due to the channel noise at
the receiver [8].

II. SYSTEM OVERVIEW

The system is designed considering indoor scenario, that
monitored the patient’s health simultaneously. The sensor is
attached with a finger of a patient and collected the HR and
SpO, data. The sensor is connected with a patch circuit

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE
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attached as an arm in the patient’s body. The patch is
composed of an LED array and microcontroller, here LED
array is used as a source of optical signal and the
microcontroller as a processor for that optical signal. The
signal is modulated with the data using color intensity
modulation using the microcontroller unit. Based on the
symbol characteristics the color of the RGB LED is changed
inside the LED array. A camera is used for surveillance and
receiving data from the LED array using OCC simultaneously.
Neural networks are developed to detect and recognize each
LED and its color in the LED array using the camera, which
is also used for the surveillance objective, simultaneously.
However, for detecting the individual LED of a 4x4 LED
array we use Darkflow in python environment with Open CV
for training huge amount of image datasets. The weight of the
trained image is used to test and label of each LED. In that
case each LED shows the variation of color in different
intensity grayscale level of R, G, and B code. After,
recognizing the proper signal based on that three code the
program extracts the signal and store it for correction purpose.
So before processing data and recognizing color the binary
scale, grayscale in different threshold is performed.
Afterward, deletion and erosion is performed based on the
image stripe. So after reorganization the data is demodulated
based on the color intensity in different level of gray scale.
Afterward, the data are processed using sliding window
technique in different window size. We take the average of
every window sets. If the set of window containing any error,
then the average value and threshold value shows large margin
of variation. After assuming the error value of a window we
can eliminate the value and store a clean data sets in separate
file. Finally, the data are transmitted to a cloud server, which
can be further accessed by any authorized person using a
private user ID and password. Before sending to the cloud
server the data is processed using sliding window to improve
the performance. The entire system overview is shown in
Figure 1, including the sliding window technique.

[ Saofdn

Output steps

Patient Hand

Figure 1: The overall OCC system architecture with sliding window algorithm
in data processing at the receiver.
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Figure 2: (a) Blood oxygen saturation and (b) heart rate, data collection after
employing sliding window algorithm at the receiver.

III. PERFORMANCE ANALYSIS

In the receiver, the SpO, and BPM data is collected using
camera. Afterward, the data is processed using sliding window
algorithm with different window size. The window size
mainly depend on the number of sample in an interval data is
collected. After applying sliding window scheme the SpO, and
HR data is shown in Figure 2 (a) and (b) with respect to the
number of sample. In the receiver, we took 400 samples of
data in one interval for employing sliding window scheme to
generate the graphs. As shown in Figure 2, several unstable
spikes are generated within the initial samples. The reason is
the initial stirs of the patch while attaching the sensor. The
exact BPM and SpO2 values can be observed after 125
samples and 200 samples, respectively. The experiments were
performed on a male volunteer whose basic information are:
62 kg weight, 167 cm height, and 26 years old. We also
calculate the mean absolute error (MAE) of the data of the
volunteer in different lighting conditions and considering four
different indoor conditions. Firstly, in nighttime, the data is
taken using multiple room light sources and a single light
source with low intensity, separately. The same procedure is
applied in daytime using slight sunlight entering the room. It
can be seen that the MAE increases when the interferences are
high. Finally, the data are sent to an IoT cloud server where an
authorized person can access the data using a login ID and
password.

IV. DATA DECODING

The retrieval of the received signal significantly depends on
the orientation of the transmitter. It will not be sophisticated
to maintain a fixed position of the patch as the placement of
the hand may be altered based on the patients’ requirement.
However, different orientation of the LED array will generate
substantial errors in the data. Thankfully, we have avoided
the challenge by measuring the amount of inflection of the
LED array. As mentioned in transmitter section, three LEDs
are reserved in OFF position to indicate the starting and
ending points of each IR, BPM, and SpO2 data. The three
positions will be unchanged in the LED matrix disregarding
any inflection. Thus, in the original LED matrix, the amount
of orientation is calculated locating the positions of the OFF
LEDs. The data may vary significantly, therefore, it is
possible for any of the other LEDs to progress in the OFF
state if the data is too small. However, as we defined the OFF
LEDs at the end of each dataset, the newly OFF LEDs will
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appear sequentially just before the specific OFF LED,
therefore, the positions of the OFF LEDs will be determined
easily. After measuring the inflection angle, the starting point
of the dataset is defined. Then, the symbols are decoded using
the color code sequence in the LED matrix. Finally, the data
for IR, BPM, and SpO2 are stored into three separate CSV
files.

V. CONCLUSION

A real-time health monitoring system based on OCC with
the improvement of system error performance is proposed in
this paper. A MAX30102 sensor is used to collect the IR,
Sp0O2, and BPM data, and connected to a patch mounted on
the patient’s hand. The patch is composed of an LED array
that is used to transmit the data to a webcam. As the OCC
system is itself a higher security system so we don’t need any
additional security protocol to improve the performance of the
system. In the receiver, each LED in the array is detected using
a NN. Also, another feature-extraction-based NN is used to
recognize the colors precisely. In addition, a mechanism based
on sliding window technique is developed to assuage the
challenge error free data collection at the receiver. The whole
data decoding and ECG signal generation procedures are
performed in Python 3.7. Finally, the data is processed and
accessed by a remote monitor and stored in a cloud server.
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The upcoming sixth-generation (6G) wireless networks are expected to lay the foundation for intelligent networks powered
by isolated artificial intelligence (AI). For this, we assume that 6G wireless networks will operate with automatic on-
demand configuration to improve network performance and service types. Non-orthogonal multiple access (NOMA) has
received much attention as a major candidate for fifth—-generation (5G) mobile communications systems. In this article,
authors are exploiting deep learning (DL) approach that suggests that DL is essential to find the optimal sequence of

channel gain and signal detection for 6G communication systems.

I.A4 &

Data—-driven research towards an adaptive and
intelligent method has gained the attention of the
researchers after the echoes of 6% generation (6G)
future wireless networks began to chime. The advents
in computing methods from Machine Learning (ML) to
Artificial Intelligence (AI) bridged by Deep Learning
(DL) approaches have led to the consideration of
autonomous management and service classification to
reconfigure the demands of future wireless networks.
These kinds of data-driven methods show strong
potential to realize the ambition of fully developed
intelligent 6G wireless communication. In the recent
future, the amenity of mass connections, intelligent
human-machine interface and huge data traffic, Al
seems to be a magic wand that can make the system
learn, perform and enhance the operations by
exploiting the operational knowledge in the form of
data.

A subfield of Al is commonly known as DL and is
implemented widely in various engineering streams
such as image and video processing, data processing
and wireless communication for channel estimation
and signal detection [1]. Towards the implementation
and fulfil the requirements of 6G network, several
kinds of research are ongoing [2]. Among them,
Massive Multiple-Input Multiple-=Output (mMIMO) and
Non-orthogonal Multiple Access (NOMA) systems are
believed to have the potential to address the capacity
demands and the spectral efficiency of the network
respectively. NOMA and mMIMO integrated system if
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aided with DL methods; can deliver astonishing results
due to the ability of deep neural networks to process
high dimensional data to enhance the detection
performance of the above-mentioned integrated
system [3].

This paper examines the ability of downlink
mMIMO-NOMA system based on the DL methods for
channel estimation for future 6G cellular networks. In
the following section, the system model and the ability
of Al-driven networks is briefly discussed.
Furthermore, the results are provided to give insight
into the possible improvements in conventional
networks to fulfil the requirements of future
communication networks as shown in Figure 1.

o Latency &

Mass Connectivity

Scale & Flexibility Accuracy

Figure 1: Key requirements and characteristics of 6G

o.E&

Unlike the traditional orthogonal multiple access
(OMA) systems, NOMA utilizes power in a non-—
orthogonal fashion to enhance the spectrum efficiency
of the network. Figure 2 shows the basic architecture
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of the NOMA system. This paper explains the
implementation of DL methods in wireless cellular
systems to estimate the radio channel quality that is
essential for the design of transmitting data.

In the mMIMO-NOMA system, the users are
accumulated in a cluster and are served using multiple
antennas at the base station (BS) via zero-Forcing
(ZF) beamforming technique [4]. Let's assume the
total number of users in the system are K, for the i
user the signal can be expressed as y(t):

®=Y" Jos®)
0 2 @

where pi is the power coefficient and si is the signal
of the i™ user (i = 1,2,~+K). Deep Neural Network
(DNN) is a deeper version of a neural network that
generally consists of three types of layers: input,
hidden, and output. For n layer network, the output of
the n'™ layer yn can be expressed as:

Yn = f(Wn * Yn-1 + by)

@

where wn is the weight matrix and bn is the bias
vector. For a classic DNN, the activation function is
the sigmoid and is limited to [0, 1]. This article adopts
a DNN in a mMIMO-NOMA system, the system divides
the process of detection into channel estimation,
MMSE detection and signal decision. The deep
learning method can perform all these procedures as a
single process. The matrix for the mMIMO-NOMA
signal at the transmitter side can be expressed as:

M = (M:LJMZ!'"!ML) (3)

where M is the m™ transmission antenna and it can
be expressed as:

2 @

NOMA technique strongly depends on the
Successive Interference Cancellation (SIC) detection
and it needs to be continuous process of decoding,
reconstructing, and signal canceling. Allocated power
to the wusers according to the channel gain is
(P1>P2>--->Pxk). Figure 2 also presents a DL model for
MIMO-NOMA-DL signal detection. Keeping the online
block inactive, the offline training will continue in the
training state. The input of the DNN system will be the
received mMIMO-NOMA signal and the DNN will
optimize parameters by considering labelled data as
supervised data. After the completion of training
process the testing phase will commence. The results
are generated when online block access the DNN and
offline block is suspended.

m 2

Figure 3 shows the gain of deep learning method
over the conventional channel equalization schemes
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such as the least square (LS) and minimum mean
square error (MMSE).

=
‘g\i‘/ g yl=hix+nl SIC User2 User 1 decoding
'
ser2 decoding

DN Detecting Block

Figure 2: mMIMO-NOMA system model embedded with DL
structure
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Figure 3: Performance comparison of mMIMO-NOM-DL
with different channel estimation schemes
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The MMSE inherently leads in the performance
comparison with LS, where both the techniques are
conventional. Compared to the DL method it is clear
from the curves in Figure 3 that DL leads in the
performance over LS and MMSE. For the increased
signal-to-noise ratio (SNR), the symbol-error-rate
(SER) improves systematically. Ths gives intuition that
the system's throughput increases if the SER is
optimized and hence the spectral efficiency also
increases leading to the mass connectivity and high
data rate.

In future works, online learning and testing can be
considered, also other advanced DL approach can be
developed for better signal detection or estimation.
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Fixed object recognition based on place and type separation neural network
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A Study on Ensemble Methods for
Defense against Adversarial Attacks
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¥ 1.GEV ¥1¥w »d ¥ PESQ, SDR score H| L

Noise Type Model PESQ | SDR (dB)
Noisy data (6-ch) 1.71 0.28
Bus BILSTM-GEV 2.88 5.70
BiLSTM-GEV+IBM 3.14 8.14
Noisy data (6-ch) 1.51 1.15
Cafe BiILSTM-GEV 2.60 7.01
BILSTM-GEV+IBM 3.01 7.20
Noisy data (6-ch) 1.50 1.26
Pedestrian | BILSTM-GEV 2.68 7.03
BiLSTM-GEV+IBM 3.04 7.14
Noisy data (6-ch) 1.51 0.63
Street BILSTM-GEV 2.69 6.92
BiLSTM-GEV+IBM 3.02 7.83
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A Study on possibility of detection for adversarial examples based on metric learning
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