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An Integrated Approach to Real-Time Edge Computing and Data
Compression Algorithms for Full Autonomous Driving
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Abstract Fully autonomous driving refers to the technology that enables a vehicle to perceive its
surroundings, make decisions, and drive without any human intervention. To achieve this, the vehicle
must process vast amounts of data in real time and make optimal driving decisions. However, traditional
cloud-based approaches face limitations due to network latency and bandwidth constraints. To
overcome these challenges, edge computing and data compression algorithms are essential. This study
discusses the role of edge computing and data compression algorithms in enabling fully autonomous

driving and explores methods for building efficient autonomous driving systems.
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olglgt FAIE sidsty] s SR HFP(Edge
Computing) 7]&0] A& A|AHS] 4 8
Aotal Qlk. oA HFB2 A HellA dlolE
Ao N HEYA JELE Eolal A4 A
Aslol, AARIY FIAET SHAS A
£ B3 ALF AFe Hot w2 Fekst Ax7E 9
AFERE S S SITHLIRIBL

QA HFEL A&TPolA= AARE Holg A,
YENZ 9= A3, 2ot 43ke] A 744 g4 k&
S8ttt AT HlolE A2E Qs HE A, HlE7]
glo|g AEZY, GPU-TPU-FPGA 5 st=go] 7147
&-go| daslir}. T3 AT AFEet B 4F Ve
S L5 AXGFS Eol1, A4 dojget 5 43S
A&t B4 = QLS gith

YEQT 9= 43 oA EL83 HolgHE
. < AgHor FeReER Hd
Sk 2ol Fasith o] 1ol A3 HolH U=
d Hols &Y 4 St} of2d, dF HolH Y E4S
49 &4H(Lossy) = vl (Lossless) U5 HH41&
THOoE Hetl= 439 A5 ¢S, LEQFT
(Autoencoder)t} o122l HIHWavelet Transform)
I 22 B 75 FF 7Mool BEdE =k Bet
SHoME IR FRFFY F840] AL Slrt. do]
Bo] 24 A= Qlsf o AS oA T
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Agsto] S74AQ W3- Bt miizo|tHTl. ol&
sl HE A2 E E8oto] ofg] A4kE FAlol #=Fst
3, Hl%57] dglolg AEZW(Asynchronous Data
Streaming) 7]"< A-85to] tlolE AY £LE =Y
+ e E3} st=gof 7I571(GPU, TPU, FPGAYE

g8ofto] Bt daks HER 9o, AT 4
SKNeural Network Pruning) ¥ 2@ 4=(Model
Compression) 7|2 53 RS Eo|al AAZE A
g g 7FsolA eHgl theoEes HENA = 4
frolet. o= RE Ho|HE SER AdohA gL
44 HojEul $Ao 22X, Hole TEPH F/8E
EAE Sfoto] A JRE AL o] IoA AS
% dlolg U=(Adaptive Data Compression)d} oJHIE
gt glo]g H<%(Event-Driven Data Transmission)
A gsto] 283 HolHE AAstL HEYA
EQItt. 191 F8F dlolH 945 daEEo]
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408 Aok 484
I} F=H HolEE AEe =, 41 S0
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= YAel ELQF YEA AMS £011, A3
glo]g M=% (Intelligent Data Sampling) 4112|&S
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3.1 YOLO 7[2F 24X Q1A

YOLO(You Only Look Once)= AAIZF 2%
£ 93t g 7Ek gaElEew, ol Al
stof om|A] W e AAE g Mo M of
Aok "WHlo|t11]. 7]&9] R-CNN AZ=z
SxS 1P =& Yl 7t
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YOLOE 99 on|A& Iz
ColA AAE ASots WA oR HE £ E A5t
o} YOLO ¥118&9] 542 A8 onA & 144
A7|2 2% T AAGo] Agstar on| x| HA gk
& A stote] g% S STHAIPIE 98-S Bt
J=x aFE 7)gE 'R 71&R olu|XE SxS 1=
2 URL Z I8 AojA AAE &3t oju Z+
AL B9 veg HAE A&, ZF viAe i Y
A1E| %= H49(confidence score)s EFSY, 11l 2
A 7 9 A5 AskS ol 2 vked Btas B 2
A AsAE, BPA )l gt FES et o]

oo} A=:
A7 B4 SHa] £ 52 5T #olth. B3
HZ| ] JA(Non-Maximum Suppression, NMS) 7]
=2 AHgote] SEE vl IAE AAsH] HE ©
A AHE FZgeict £ oU (Intersection over
Union) YA#FE AAIe] A%} =2 grAgh {4
S s gt 1 43 HFH o2 gAH AA9 SHA
o} 92 FEE EEotAIRI). ol &£ot o]
B= %571 98 FA #A(Anchor Boxes) 9 s
2AD A& 710l AFEE 4 itk ©o]F¥™ YOLO &
1252 A YA AA| ou|AE EASH= =
&% ABoh B U2 93 ds57s< o] AA|
7k ofE A O A(): &5 A=, HE Ao A7t
gt GarEfFol ANt A2 A A Aol AEo R
Rom s Y om|X|ofA] FUgt FA7} oEE 4= 3l
Th= ©@3o] ok

YOLO= A&A% A+ /S $31 YOLOv4,
YOLOVS, YOLOv7 502 dFdsly glow Hahwe}
&5 A 8l ths AAY TA H 4 ofdlA v
AUFo| SVt T thdst HH3t o]FojA 1L 9l
ot 232 0F YOLOE Ty A3 &8sto] oju|
A W AAE w2A QlAlskal, Azt s ¥ ARk
Bz, BoliES GA6ll F& 7S B0k 7]
o= ARt dargEoelc121(13]. FZol= AHst

FAS1A

2d(YOLOV5n, YOLOV8n)E 7Hd=]o] oiA] o]
oF 22 AT FACIAE AARE A=t 7Rs AL
et ESF, AV olm| x|k %t Aol et
o =] A3 wdE gt sk H sk 7ol 285
I itk ol WS B9 YOLO® A&F3&dt of
Yzt £, CCTV, 2& 5 oot dARE 44 44 2
oA &8 HMAE ws7haL Sl

3.2 Kalman Filter 7|2} O|0|E &

Kalman Filteres AA|ZEO 2 T35 AlA golelE 2
sto] AFe] 942 9 £E 5 AYSHA 5ok
gjEoltt. o] "E= A % (State Estimation) &4
Sidst7] Yol S BES ARESH, AlA 9] o=
AAst o A&t A JRE AF3H14115].
duEE AL o233 At
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=
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=
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Kalman Filter

@ %7)3KInitialization): 7] d&gkS HA dlo]
El9] Htou} 71& AR 7] A ghos A%
(27] A 9E x09F 27] FEA FE Po AH)

@ 9% PA(Prediction Step)

- A HEE 58 Zds 7Heg A&
x, = Fx,,_|+Bu,
(F= e o] 38, BE= Ao 4¥ 94,

Alo] A HE)

A YES YA Py =FP,_\F'+Q

Qe ZEAA o|z2 FEAF P
® 7341 HA(Update Step) - 2Tt o|5 A4k
K,=P H((HP,H"+R)™")
H: &4 24 g, RS54 o|=
- A2 A7 srgste] A 9E
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Kalman Filter?] F3-& th5 AlA HolHE 5&4
o7 ggole] o|2F AASIL AF =& HolHE
AlgotH, AARE fA4to] 7hssto] A8 Aol A9
HEE oA} AAo| Agolrt. £ FEH R 7|HHo
2 5P| fiio] 54 AL} AAd ESAES At
o7 A& 4 k. o]-Y Kalman Filters= AE] 5=
A 9 Hold g I AYs e s, vs Al
A Aol A=Y =2 = ol 8%

AE AlEshe
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4. HOIH 4= Yu2E

gd2d 719k HlolE 452 IEA 52 &85t Ho]
HE 88402 ¢=ola, Y& HolHE 5¢d i
B A HAadtels HPAlolth HEA] VeEe @
o7 W s} A78W(Quantized Neural Network)©|
ATt

ft

4.1 QEQIAL 7|9t COJE U=

LERINEE Y tlolgE AR A F7HLatent
Space)C & WLt T thA] T Hlo|Hz Eshs H|
A= ok Hdolry, QEQINT S U Ho]
EHX)E dFH 47Tl dgste] Azt A=
4=tk o] oA CNN(Convolutional Neural
Network), RNN(Recurrent Neural Network) T+
Transformer 7|8t 25§ &-8oto] EJE FE011,
M A5 9T 5 At E3L HE QERIIT
(Variational Autoencoder, VAE)E &-83lo] 5 &
25 ShEOto A TS duishE % 2EE A48T
o St EAS S8oAE AnkA QERITH(Sparse
Autoencoden)E &-85l0] S|4 HHS 55O 24
ndo] s A = Uk

F=9 HolE(Z2)E tZE(Decoder) 41787l A
sto] ¢ dloJE|(X)Z E-Hgttt. o] IHYollA JMEDL
(Upsampling) 7153} CNN 7[9te] Ho] sk&(Transfer
Learning)& &85t 5 5 =9 & Stk E3,
ZFabs M9 Discrete Wavelet Transform, DWT)
718 Agoto] ¢ HlolE o EAS T& ANHoR

Z-gsto] Y glolE(X)2 E HlolE(X)S Aol &
aofoh= WO 2 SRl ES, F2E FALE Al
(Structural Similarity Index, SSIM) ¥ At W @
ZHMean Absolute Error, MAE)®} 2 37121 &4
e ot} A4 F4Z VIS 4 Qlth B Yot
7t 23484 A AH4H(GAN) 715 &4 g5 &89
W B JALsE o] 7HssHS8I10]. o=
Perceptual Loss9t o] Aol AlZH4 Q17 E/44& vt
Fet EA e GEro] B dolH AH S

=25 glet. olejet B
% ¥ B Yol F3 &
Bol F23 4T w4
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(D Mean Squared Error (MSE):
MSE = (1/n) * Z(X_i - X'_i)"2
HEeIEHX)2t B olE(X') 7He] Afolg AlF
sto] HFOo R Akbely A2 Aolof|& Wizt
AAHR 075 FAadloh= o /83
@ Structural Similarity Index Map(SSIM): A1Z+4]
FAE 1t vl xR g, o], 24 2}
o] 7|5t {AME B7hst MSERTE Abgo] Q1A
Sh= #4 Aolof o wzgt
uyt’ x+ Oy (20 + Gy
(W5 + 15+ C oy +o' % + Gy
(3 Mean Absolute Error (MAE):
MAE = (1/n) * ZIX_i - X'_il
7 dlolg] ZQIE 2+ Aol Aigh B, °lA
(outlier) F&Fo] AL, T3t Zpo] Bl /-8
@ Generative Adversarial Network(GAN) 7]dt
£4 AR A AT ZE5to] HYE
o|g7} AA| w08 HEo} FAFSHES S5,
7] (Discriminaton)®t  AA)7](Generator)=
BRH 0T ShHAIA dAHR] HolE BYE &
A i

SSIM(X, X' ) =

GRS} A7 (Quantized Neural Network, QNN)=
ndo] 7hEA|9F &3} kg AHIE HEH(: 8H|E,
4H|E)0 2 Wglste] A4t SEE wolil A Ik
Zol= 7I&oItt9l[15]. ol Al H4 F4KInteger
Arithmetic)< &85l Haisy A4S E0l1, 25
3 JASKAdaptive Quantization) @ 8K Clipping &
Normalization) 7|5<& &-85to] JELE FA|otHA|
T BEHRI A4lo] 7heolES gt ET P F4
Axe  FASH=  Sparse Computation 7]H3}
LUT(Look-Up Table) 7|9t AARS: Z-835}0] AAF &5
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7EsA oA 00] B2 34 P FRE 85t
E49% A4S Eol= WHolth ol Bof wWHY At
S AaAFIAL A4t SEE =Y 4 Q. LUT 719
AR ARl ALt AR S ElolEo] ARt &
et AibE HEA pcke AR, ded Hdld]

3l o] -85tk oleid HHg} AL Hegol 714
7/(NPU, FPGA)? ZF3H o) ol 4 Az Azl
7 RsAE A SES S FYAD 5 Ak
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2 dTore & AReFY AlLE FEE 9
ARl A AHE 71 Holy 4= Larz|Ee]
o A YekE AuEYT & AL A
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