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Abstract

This paper is a report on English-Chinese translation practice, with the source text
excerpted from Chapter 1 of the book Artificial Intelligence in Autonomous Vehicles.
The book comprises 11 chapters, and this translation practice focuses on the first chapter,
which explores cutting-edge developments, research trends, core technologies, dataset
applications, and challenges and opportunities in autonomous driving. Translating this
chapter enhances public understanding of the advancements and challenges in
autonomous driving, offering significant practical relevance in the current era of rapid
technological development.

The source text presents notable challenges due to its extensive use of specialized
terminology, frequent nominalizations, and complex sentences characterized by rigorous
logical connections and strong cohesion. Specialized terms spanning autonomous
driving, artificial intelligence, communications, and the Internet of Things (IoT) require
meticulous verification through parallel texts and domain-specific contextual deduction.
Nominalized structures, which pose difficulties in achieving semantic and functional
equivalence, were strategically converted into verb-object constructions or independent
clauses to align with Chinese syntactic norms. For complex sentences with nested
structures, the translator employed techniques such as sentence splitting and integrated
restructuring to ensure clarity and naturalness in the target text. Addressing the
typological differences between English (hypotaxis) and Chinese (parataxis), the
translator adjusted connectives and sentence order to enhance logical flow and
readability.

Through this practice, the translator gained valuable experience in technical text
translation and significantly improved his translation competence. However, challenges
emerged, including gaps in domain-specific knowledge and limited flexibility in
applying advanced translation strategies. Reflecting on these limitations, the translator
plans to further refine bilingual conversion skills, expand interdisciplinary expertise, in

order to strengthen his professional capabilities for future endeavors.
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B8 EFHEN

1.1 J\XENH

CAZNEREMNTEREY  (Artificial Intelligence for Autonomous Vehicles)
— 52 Hh 7E [ B HE R U R A B R T AL (Wiley) EIFRERR AR, A
Fe BT EAURN S . B R 2 R0 R S AU R S R B A2 T 2009 45 1
Scrivener Publishing 3% [F] HH AR o 240550 57 A TH F 58 — KT A 25 W 2 b R vl R 368
ZRFAWIT AR, Scrivener Publishing 75 J AT A & 1R JE AR & .

ZBMNETEE HRG, 2B 1NIAEY., EXEHERASWRER
FHRNRS, VRN T B EBRENMRER, WRARR T Al 7£ B3 S 1K
TR AR, IF BB XS H BT B 3 28 3R 2R S0E TR AE AR VR BR AN o, 4R
T8 PRI AT S5 R gtk 16 ] 5 ) 7 9 R LB

ZAST 2024 4F 2 AR, #EEAT, MARA SRR, BTN E R
IR FETiE, B IR BRI 2, TR AT IER A B B B 3R A T
R AA EE NS EME.

RO ELRBAT S RAET (AMBIAFHIANLTEGR) —BME—F, Fx
PESLZ) 12000 7, FFARHRA B0 2R S0 AR 5 A G EOR . X — T R R SEH 3
BUE AR T AT R . . ORI B S IR DA K AE S bR N
PR S HLESE 38R IT . W SORE MR 1 B 325 BRI R i fs A X 22
WA MERNSEE TN B, WHANHETHLEY ] (ML) |« BRE%¥ 2] (DL
EHAREAS SRR, B ERRN. A7 AR ETEIE RS D RE N S
JiE e CRTIEIRT T 21T E 302 BT I R R AT R R 3, B
AL WA ERIEE SN, T B EREOR R R S Ty

1.2 SEEREX

ARIREI AT S5 S e B X E BEARILAE L LA T TH -
L 35 E NV ARIERIEAE J7 . JESCAEE oK & E 3h 2 0ofn N\ T8 e A i 4k
KA, W “EHREBEBI RS (ADAS) 7 . “BOtEis (LIDAR) 7 . “fEiEs

1
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e (situational intelligence) 7 &, I FHEEIX —HNZS, AT LU A R AAE [ 21
fifE, JF AR QAT P SO U A R X e AR

2. I-TH KA AR FRRE Ty RSCAR B E A Z Bl KA, EEERKAANR
GERE R TERIREIFE R, WELELIR . 2 P IE HENE BT 45 7 kAR TR ST
R PEA T, XS B A R AL B A T A AR R HE B o

AT RHE R R I I e AT RAISUAR N A m R AR A 2R
P, BRI TR EE S HER A Tl it .l Se B, AT DLk — 20 AR R R R
R B, PRBEAIG RS, DA ER BB SE. JE. £k,

4. By 305 SRR RS it : BB B A B BRI PO Jg, N LR R 7R A il 40
S L £ 32 ORI o K ISR AT I BOR B S S BORME R B R b S0, A B TR
P T B B S W R AR, NS R R RIS . X B (TS
WAL —E R EARIL T RS R R A AR AL AN SO A IR RN

i BRTIR, ARREHVEAE S AR ST LB BERE T, o BB S A L
B REHAR I EE S A R — s DTk,
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BoE FRiHL
R T HHATHER BB MR ee, BEE AT 7 2 07 IR TAE . X LR AT
FE A BT PR PR B AR IR SO S, T s MR B S8 BRI AT 5% . X LS it
BLFEVRSCARRFE 0 S BB R I . ~PAT ORI . fiE TR A . RiE T

29
~J o

2. 1 PEICARFAL AT K B2 IR U

AUEH LB R R A 5 — . £ b, BOCRESE A
TR AV SR R X — R, PR T A SRR DUR.
B LTI Bk . IR b, EOCH R I S R k. — 5T,
PESCAR T VR 2 U T A, B S A N LR g U WO H K 7 (LIDARD
“WEEE%AE”  (situational intelligence)  “HIEMIKHT” (ACC) . “HHER
IRI5AS”  (infotainment system) SXFEHTE M ARTE . MV ARTE B 2 A HETH 3
A TSRS S IR . 53— T7 i, RSSO P A A S, MY
BT SO A, i B T IR AR . Ak b, R R
2% WRIENA, MAMEES, AIASERIE, DREERIMES S,
RER I E B A BORIIE 5 SRENZ TR T (AN, 5 B8 B R SRR
JT, P LR AR RSO RN, A REHE O B A% 15 b R 2 B AT ROR
JRE, fERERM, BHEIGECARER A T AR R, EH
TR ERAANEEET B BRI, BEHERIIOEF 2R, EX4it
AT, DS DOB RIS I SEEATSCR TRPIRG, BUBNMEAT T
TR Z L. JOERRIE IRERIR S, JERIEAE, MIGENMR. £
B R ik BT IR PR B . ToIR R AT I I 2 P A, RN T
FFE DRI IE 1 B Y 5 205 ST 7

A UL BSOS R, S A S X TIOARR I 2K, BE R ORI
SSitR @ N,

TR SO R TE B ASCAR, A S U, BRI AR RAZE G LU
JEI: — RS WSCAEARHECHR, Lol iR AL DR AE . P A 7R 2
RS R ROR S, B TR IR S SUS TS BN, A RER R IE IR IA Ty
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A EVERIBUR . RN, WK g TR SOk, (3 RE O8I 3
&, B 2R R . HbrE vl RE X B 20 8 B EOR OB A AR Lk ik
Ho BOOHE TR, ARESFRERERCR . Bk, BEOCRRIEN S 1, B AETE
=t B RIETENG Tk tE. M. R =R, SRR ARTE
St S AT TS I E A (5852, 1998:89) o [RIHLAERH L AR p il B A9 b
JEN, R AR B SO RS, T FE R A SO AR,
7 e DRARTE AN RIE T SRR PE AT L A

2.2 AT AR

NHORERE TR, BRI TS B3 BER I N TR A
RIPPAT A, AHER SO IR TV SCEE . RHEOSCERR A B 1. X e k) 3 2
B

— AT R B URER T BB R TR R U AT kR, i
EEREEH AR SN CEEM I RRAKS) , KR 3 S5 HE AR
RIBIAR . RZOHEARFARRESR, it T2t RIBERIRIES . BuzE
B (McKinsey) fili# The Future of Autonomous Vehicles, 5311 E 2 R EZS 8
P R i R R, DA TR

CRFARRLE WS WEERE T ENIMAT ERRMER S,
E &M (CNKD 1l —RCE (HVERBIRERA R 7 i 8 232 55
RAMIZOEA, OFFERSEG . BN . IEEE S50 FE MRS SC,
Deep Learning for Autonomous Driving: A Review, %5 LB G5 IRE % SIE HEh 2
BN A, BLER IR BTN R AT A SEAZ O AT S5 . WU LiDAR-based Object
Detection for Autonomous Vehicles, F3= BRI T WO TR B H ARLE VARSI (¥ 82
JH B AH R

=RERCER: BEE AR T B3 BACIE AR LR, W SAE International
J3016 Standard, HIAHHE L H BB /ANAER (LO-L5) , AHZNIEFATIHIAR
ERH RS %

IS AT SCA SR AN G 1T, A BT 1 AR B P CR R AR AN A (R AR R
v B 189 556 1 29072 T AT i R AR (1 EE AR
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2.3 BIETERESHE

— L CAT T H GFEHUBIEIE T E) « BEFIH Trados KX FFIhEE, ¥
A BRI AT SO Cndpth BB B BERR S . FARIRICEE) BT A B 5%,
QIRVIIE R ICIZ . 1K AT SOA BAT B0 1 B AR OGP, DR DR L 12
PERIHER RIS I . BEE BRI EEAT, AW B iC Iz . X T AR
AR R T, BEF AR E AR I T SO SCE, KSR LI
DAMEALE J5 SRR e R AR U ST R, S B R RCRA Ji &

TRAEEH T R B Nl B AT b AR HE DL SR ST I R I E
Z) AN T GRS I ATE B RRE R, B MemoQ RIEE L RS, i,
K “LiDAR (BOtEiE) 7 . “RADAR (Fi&) 7 . “Machine Learning (Hl2%%
21D 7 . “Deep Learning (BRE2)) 7 ZRE I . e, H ILIERL (S
B3N £E MemoQ TR ARIEBEAT /32, AT HEHOR R 0 A A HOR . 5
PR, EWMRGAER], JTEERAE R, fln, ¥ “LiDAR” . “RADAR”
LI EART,  “CNN CBERMZMLZ) 7 . “RNN (JHIFMHEML) 7
ST AFIRIA,

SR A ARIEE: W Linguee. IATE 285 \Vialdh, DLRAARREARIE )
IERi#IE . 7 Linguee MR ARIERS, Bk 7 &E W WAL, &R HS)
25 W AT PR 5 & R 1 R Linguee (XUE X RThAE, BHHALFEE
FASCA S RAE R LT, 1EAS%. filln, E#F  “autonomous
driving system (HZNZ4 2% 7 B, °fLIEHE Linguee FHAMCT A MEAR
SCRHZARER SO RE, TR AL T, TR A A B

2.4 RiEREL

CEE VAT SORRIBRI G TR, SR SCARBHATARIBEIREL, @ RER, UHRET
W ARE R G —FIHER . ARIER A ARERIETATI bR AE . PAT SCARFNE L] gt
XA

L HEW BB RARE: W “EmEERHIHRGE (ADAS) 7 . “EHEN RS
(ADS) 7 . “ZEffJ&HN (vehicle detection) ” . “ZEiEAGill (lane detection) ”
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£

2. N TR ReARE: 1 “WRFES2J(DL)” “HLasE > (ML) " “HZE M 2% (neural
network) 7 “HHUFLML (CNN) 7 %5,

3. BB AL ARE: n “H S (datasets) ” . “SERS EAEE LA (real-time
high-definition maps) ” %.

ARERE TG, B CAT THSARER, FHERIREIL R b zm 2
KX, W RAAE A B ARG A — B0k . BbAh, 254 RIE RSB  FE ] B i
) (0 A R BT RV AR A D R, e B R AR TR I B R 2 . PR TE R
T AR R BT R (AR 2 LR 1.
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B=F REISH
BB — PG 5 B SORF 0y 7 — R 5 S, T RER i 3C
FRBIIBES . BOR. THEMER T2 00 VG ATHERG IO . X AR R
AR BB PR R T 5 TR P . A IRE R AR B e PR LR TR
SCHIBASE s A A ET BB R )RR SO LRSI SO IR R fhr 12
SIER. MR EPRA, EE LG ARG 1R R R

3. 1 TWAREE L HIH 2

VAR T B BB RHEOCR, Wi 7 B HER. N TR bE.
WG SN EZ A AR, IR 2 BORFNC AR AR, #E
AR IR IX SR R B I R o — KM R, B R EERH] 1 PAT SCAR B EE AT
QU S VR R PRI L LV R TE

3. 1.1 PAT LA B

AT AR F P S E SO BT S5 Bk, W] LR A 2 e
BRI FEISCAS, B ] AR R SCAR AN IR & BAS R RO (33 3C . P AT 3CA
FEZ AN T7 TH 5 JE U S35 (PR, 903 S 0o S AT SCAS 1R A FH R R 5 3
LR ANIRTCTAT ORI S RFAE, IF 5 AT A i, 33 vl DL R
R P AE G A UK SRR AR, AT B R SO RO HERR PE AN stk (L AT & H bR
BB, BRIER . TR

Bl 1:

JR3C B Bk

At the first level, the Advanced Driver

Assistance System (ADAS) in vehicles

supports the driver with either

accelerating or steering controls.

4, TR
e 2% U Bl A 48

FE— 2, T
T 2% 2 A B R 4

(ADAS) 37 ¥ 2 3 iR
HEAT 038 Bl B 1) i
il

(ADAS) @it nig

Bl e 7] 4% i) K 4 B

2R




TR R R A8 5

FE B VR “ Advanced Driver Assistance System (ADAS)” XN ARIER), P
SRELD VAL S, SHEECR: ‘RS RS . AR
(G SR, PEE A 1 AHOAT\ARAE, 7E SAE J3016 (H 32 3 73 R bR 1)
dr, WERRK “ADAS” g SN “HIBNEBIRSG” , JFFEEHTIRE, A ¢ AETE R4
B HENR2WE” & )G, EEEE AT SORRER R B . 1R 5%
T (REBERMBIRE R EEE ) , K “ADAS” fEATILNEREN “&
PEWFI ARG o K, FET UL RS, 9E#H &2 “Advanced Driver Assistance
System (ADAS) AN “mA WA RS” , FRIE T BRI a1k
b, PEENE “supports” —IRIUREA “HEBL” AR “3CRE” PP T ADAS
FESE— MRl EA e — e B AR, IFARRE EHRTHRAE, ARBCT SR
B3NS B E A A H B 5 R RE.

i 2:

JR3C Il B

LiDAR technology ensures the | JGHR I 5 #F 5 AR | BOGE A E AWM IR H
functional and safe operation of an | f& H 2 2 3V 13 | sh B IR G HIThiEE

autonomous vehicle. e Z 421847 . ZARIEAT .

BEEYIERE e &b 1 TATE RiFEE, Ak “LiDAR” 5 O8N “JeHRi 5
PR o AEAESERRAEM T, RN BRI AN, s AN BAT AR
FIARE, U9RTERE—PRiE. #E RS AR RKENAT AR BORTFHAE
ARIa, KL “LIDAR” FEFSCHEHE R FEN “HOLHEIX” o BRI H
BB S, U KAZBORSCIREMER] 7 “BOtHEE” X8
B, IXEEOBRAE T CWOLEIR AR HERI R AT R . AR R, BE
H T ARHUIR S I LR Bt 7L B sl B AU #% . @i S5Re, &%
HURR CHOLEIR” XARiECAy) 22, IFHATI AR AT, £
RN R AR k. RE OCHRMSNEE” Mz, E “HotdEix” B
RER BRI A% O SR B, A KRB AR 32 o SETARIEE N E X PAT 30K
s S DUAMAT LT X RORAIA, B & E R “LIDAR” #11¥y “HOGH X
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3.1. 2 BNk e

Rl =N AREHEANESE . AFRZERECE A F, HE X RDGERIA
YEFTANE . R 3EE EE AR s L5 b A ok e 1) X, B iR
#l 3:

RS Il B

Situational _intelligence that collects | W& K EH R A | 4R i & 24 10
enormous amounts of data is considered | R EE R H Tk | EEE R EE A H T
for high-definition creation of city maps | FEIE T HBEI A | £ i & i 3 17 3
land surveying, and quality checking of | = Huill & DA M2 18 2% | &I i ishin DA &
roads as well. JRER A FEOLR A

WIKER I “situational intelligence” B, 33 FF AR 218 e A SR S it
FIHISMHT, “situational” FoR “IEBE” 8“7, “intelligence” BHH “& 717 .
“CRIEE” B “HERT MSE, R “situational intelligence” FIRER NI “AHH
Be” B N7 o A, X R RVIDHEWT, HAREERENH . i
Hosed S, BB AR TAHRIIAREE, W IATE. T EARIAHEE. A1, RiG
FEH] “situational intelligence” FA25 tH BRI R ORI, B FEME T 2 /NIl
ORI T ARG e 2 12 i 0] 5 oA DG A& 348 (situational awareness)
B “BHEEE” 5 BHBT WRERCREPENER, FIXIHFAREEE
5 BhBR BN DR D R R 2

EE BB CERT,  “situational intelligence” 38 i )& 18 i 4240 ) 2 F A%
&A% (41 LiDAR. Radar. $8A53k) SERHERAENE HIPAEE, FEKX Lo H0E a4 LU
RGPS A XSS, SR, BN, 32 I R G AR U i JE R 5T
R RGP HAR AR AL, AT TR TS T R B AT R AR . X
—id e, “situational intelligence” AV AN & T F&l FEIBF B FRIER 1, 95 2 i 4
IR R B PEAR . T AN ek

TEZE AR,  “situational intelligence” (15 ST 51 i) F- 1545 52 BT P 5 52
Fro Bl IOERAARFRENEL (I PERG. TAVUERE. SR
) BHATEEG T, WITEBIIREE T RRISE S, HERARRE . “situational

9
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intelligence” 7 2% F 4538 (1) 8 FH AMXAN & 0 BIA BGRB8 A4 560 AR SR 3 1)
THIMATE] 8 XU R 73T, SCHF IR e 3%
FEEREER T REAT IO, Rl B 32 B 42 S A5 H R SRR AR

T HREXSEL, BHEEAGURIL, fE H 3 E A,

“situational intelligence” S5¥f

B BRI S BE S B R, ARG, E 5SS RS

WEE VIR .
A

TARERE . “FATCAR . TGN AIR N 2 EIGE, B3 &N,
“situational intelligence” PN “IEHRAHE” A EMNRE . 7EH3h 2 B4,

“situational intelligence” $i 1) 72 SEI PRI . PSR SCREAAT AP T AE %

HA,
Bl 4:

“situational intelligence” M 2 T 53715 S 18 AN UL 38 S 37

JR3C

B

B

The infotainment system of the

transport covers the driver’s
gesture recognition, language
transaction, and perception of
the surroundings with the
assistance of a camera, Light
Detection and Ranging
(LiDAR), and Radio Detection
And Ranging (RADAR) along
with localization of the objects

in the scene.

L S BRI R G

TG T AR
B LU KEREG
k. WotEiL (LIDAR)
TG 26 R 5 R
(RADAR) 4B~ 1))H
R S5 G, FE BRI X
W 5 I ) AR kAT 58

(e

% 3 (5 B IR SR R G

T AT AR

B AU R AE R
k. WOLEHEIE (LIDAR)
I v S
(RADAR) )T
PRSI, JERE ST
by 5 0 W Ak BEAT E

(A

“infotainment system” & —/Mi WWHEHRORIENE, T2 NHTRE. HRH
FEEN, NNHEEREAITLY, FHRMARERPNGEREMEERSF. RE
“infotainment” H “information” F1 “entertainment” ZH-& ML, il b n] DLEEfF

7\3 “@

SRBRARG” , EEKPRMAT, HrSCE

10

P 2L I BAR U 2 Aok
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MPEHE P UGBE] “infotainment system” B, MR FIEEME, BEEGIELEIEA
“EMERBIRRG” o AR, ETZENCAEARSUSN Z RN, AP
HIBIETCVE Ay Rk FL AR S o fETH 2R T8, “infotainment” SEAEE -5
FARAE RS SRS IR AR DI RE R 45, AN al . & I 55 53 L i HH Y RE T RE
IR ZEAE,  “infotainment system” AMYLSURIR SR RSE, B T 45000 S0
EE V. EREDIRESE, XERE ARSI 2 I E ) “ERBRRRS
BEHNE .

BE B R T BAARIERE, W IATE (RRMBEE ARIERE) AR A T A
B, SR, XEEARIEEESH “infotainment system” J ARG BIRAHZE— 1) b SCHH
B, MREEERN “BERERRA” . X—MERREFE B8, HAREY
ff Sk “infotainment system” £ AN [|] 454 () HLAA B A

FEIRGU,  “infotainment system” 48 (2 LN 2 AR R R G, EAMN
BT HERGR CnEm . WIERE , BERT T EHEE. EE IR,
HITh . BCGER:, R R 5EWHIIARSANZH. MERARMKRE, IARKE
BB R RS E R SLI S E R T S8 ES%E, SO FHIRIE RS, L
AR B RS o T HIR SR DI BE B 2R 24, AV AU, “infotainment system”
HANNGRE AN AL R IR, TRSER T 5 BAEEE 15 5 I 5 A0 Bk Al B 55
ZHEIBEN RS

FEH P i AT, “infotainment system” - E IR BAAIR. B REE Y
IRTIRE, BIANERERAL . & R G AR R ELIR I . AR TSORN 1 3 B T4
Theg. (EXFHN ST,  “infotainment system” B2 5K (5 B EoRA
FEGR R RGBS AR, AW SR P 5l 2 Th g .

I BARSUIR RN AT, BEEIZELHIE T “infotainment system” 7EV4AT

A “HEHAFBBRR ARG Xk,

0

A

& 48

3.2 ZiAMEE R HIR P

GRS R ) A R R B ) E B S, FEHNAN T ibX 2K
EPEEREPITCRE, RIEMNEE N, R 7 20 sE A
E (JEBEE, 2023:149) . LAk 2N shinl . LR ZER 25540 & TE R AiETE
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IR, AGOERETHE IR TS . BHEE 1 ZIE R — S5 RIE 2 2 A
HERPEAN(E DR, PRI RCR, MBI S AR SE . iR (b a5 P e R
EHREEATTERKEN, AT REUE B HELE, (Rt RIS 2E i
SRRMESE . AR Ry, ROE RS B X XA RE L
XHEE, JUHGR B RS AR, SCELE S RS DI RERT A5

3.2.1 FAFIRE

OB T A4, AR RINERAS: POEME T A, A0A R
A CEIREE, 1993:120) o« BT RPUEFHRE 2R, ERTELE 2 ia b4t
(b PR E . A RARE S I ) 1 5 A A B R A5 UG RO DLE B A R
& (REEIR, 2006:112) o fEA AR, A — L2 IhiaR A B 44 Ryl
Zin], JE TR ERAE S AR A BB A, 20 4 e S A S I RS
M2 5 IR R, PR A A S A R B T A .

3l 5:

JR3C B B8z

Data from air sensors for the br I &= 5 38 K ¥ 2 br il & 5 88 e 4
detection of urban objects as | (ISPRS) F:#EWIAE R | (ISPRS) FE:#EN A3
well as the reconstruction and | 1 2K H HL 3% B B0 % | B1: A2 1% s B ]
segmentation of 3D buildings | 4, H T3 At il | A TR i vk, Jf
were indicated by the ISPRS | DL J =4 st S Y o gt A | E G % —AEFES.

benchmark. oan

WIPERS, B 0K “the detection of urban objects” F1 “the reconstruction and
segmentation of 3D buildings” 73 A¥EA:  “HHTWRRIRI ", “ =4EE KA
Morkg” o HrpOREE 7T AAAES KR CBg7 TR AR« = 4E
PR EEMIIRE. 7, WIERRRAEEAR EATHEz, (HEECshERAE, WA R
DR BN ASHE M

ER R, &3 “detection, reconstruction, segmentation” &) 1R] VAL I K,

H. “urban objects” /& “detection” [FJIZ4HE1E, “3D buildings” #& “reconstruction

12
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and segmentation” [T, PRIHRX PS4 40 G510 3 N DUE B 451
BECEIEIRG o, RFE DUE RIS ST

5 6:

JR3C

P

B8z

The INRIA dataset was
used to identify wvehicles
and pedestrians as part of

the demonstration of an

AR-HUD-based driving

RS [H iR 4 TR 22
(SAE International ) & Afi
fISC 3, INRIA 3 4E
THEMEGT AR, {E
T3 SR I SE R S B OR

FRAE E PryR 42 AR 22

(SAE International) & 7fi
flSCE, INRIA HdE4E
THEMST N, fE
N o T 38 R W S 4 3k

safety instruction based on

an article released by SAE

International.

2 (AR-HUD) [17%5 0 22

R (AR-HUD) %

EIRS RGN

L} 7 ol 1= v o 5 L0 Bl

AN
AR

Ny
g

TEWIERS, PR AL 458 “the demonstration of an AR-HUD-based driving

safety instruction” ¥EN “JE TG sR I SLH6 L IR 48 (AR-HUD) M3l 255 R
G, SESRIRAME, Hibr T “B)7 FRESEMA, &R ORERA
o R, FEHRES] “demonstration” A B)iE1TAAR, J&H 301 “demonstrate”
#ALTK, H “an AR-HUD-based driving safety instruction” J& “demonstration” []
WS, WOEE R A S A O DUE I B e Ky, By RS
T ORI SEAG Sk BoRdy (AR-HUD) HIBRIZ 415 KRGt , W0k | 3 SCHIBER,
AR RRIRTT

3.2.2 BASA]

2 ) A A ] 1 2H TE 18 N B A AE BN T RIS T AH R REBR AN Tk 1
W), BRI AR DRI BAd S e m) 1B (el 2 i [ IE,2002:66) « 24
BRI G To R A SR R R/ I, sl T R AR g K,
B ok S BB, A A A RGN ), B TR R, H
e 38 G 1 ST AT

13
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il 7

JR3C B B8z

BRJZ 7 SO (A R
ML (CNN) FI1E
T M4 (RNN) )
R RRR A IR . PR,

B2 IR (nts
L N2 (CNND
I e
(RNND D Wit HE

The computational complexity of

deep learning models like CNN

and RNN has been emphasized as a

disadvantage for implementation

on low-memory devices. RE—HBIANARE | BEIRAfA RS E_CE
FEARNAF I BSEIL | O 2B, —BEZ2—1
[F— A AR

WY, 42145 H) “ The computational complexity of deep learning
models like CNN and RNN” #y “PREEE IR (AR 4% (CNND A19E
HMZMLE (RNND D MITHRERE” , B T Z&1ham, (EreamEiE.
PEOCHRBERIEHE TS X, HEETK, JOEA)THBERM, R, KER
RSO IR R G R TESUE R, B8R 44 A6 4584 “ The computational complexity
of deep learning models like CNN and RNN " i — A~ B 43 6) TR B 2 S A
T eeee P RS FEIR B 27, 0 4417 “ complexity ” 148 Ji7 A FLE 251 1] SL“complex ”s
PESCK ESCh RS R BAL T R, R TR B 2 ST AL S R AR | 2,
RET S 807 HAMRAAF R FRBUR R M. Bl A m B~ 6], R
KAFEIEAL, KA T RSt [, BESCREE BN Samim T “xERL”,
RS IR SURIL T ik, J7 8 7 38 1B

1 8:

JF3C K1 B

The catastrophic Tesla automatic

2016 FEREH I H A%

2016 4, i H

steering system accident in 2016

3 R e

kL & i

emphasizes the obstructions of

components’ skill in order to avoid

accidents and  discovered the

vagueness of the  developed

R T H A BORAE 8
SO T A BREE, T
s TR IR RS
AR IR o

JEHMETE S
RETHMEEARE
R IE = iy THI ) Bk
B, IR T D

14
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arrangement understanding. X ETF R ARG T
KM 22 o

WIER), EH B 4458 “ The catastrophic Tesla automatic steering
system accident in 2016” ¥ ~Z/j1i “emphasizes” M F1E, SFHFIELK, AHER
TR EOUEP, BEE AR SE M “ The catastrophic Tesla automatic steering
system accident in 2016” B A HA]), FMPRIA KA KA FH ) HEL . 5B A1
W] AR SRARE AT DU I A4 TRl A K, Jie G 1 U T O SRRV 3 S Y B A
[EhG. # “avoid” Wy “HUEE” TR EER @G, ER A, [FErbET
I CNAT” R B = SCR AL SN B e AR

3.3 BRAXHIE LFI

PH TR VAR R Sh A AR RS AL, 18 A Tl i B R AR
2GR . AT AR OB S AE R T BT AL, KR AR 1A
Tro IXEEE] DARG o RL ML A E R R ) A A T, RS TSR R A,
LRV ORI 2R, Wil B SO SCRYER . DAL, X R, RHSGE KA
BB 2. Oy 1B AR, 0 R R IR DA 7 A fiE
SRSl HERR. SRR SO T EHE HE S AR o IR O MR R ) A
PR A RIHTIR . I M A T RITER SR, AT RLRG A A A
RS RIEENRR, IRBATIZOESCNSZE S BEENZEE
WHRR A, RIREIDUE RE T AT 8 (201, 2000:14) o X FEAKA],
PEEZEM =P H, EE KEA R BORFIER R . B, nRE X
Wik B, MEARMAXER, TREERE. HR, EohERKAnak
girty, VLRI RIZIal oy B Z R R, KR, MR 2 & T
HBECIIE S IBEMRA B2 R EREE T, B RECRA TiviRE
MEREL PRI

3.3.1 HFiFE

PRt — Mok 2o KA P N 2 B0 ) T IR DTS, SRR 9 SR

15
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ML AN AT S . XA IE TR R B R R )T, RERSAE RSO
IFFA BAriE 5 RERIE I, BRI K MGEEL. B ERmEXKAERE
RDUERE, T V153 ARG DOERK AIRHIE B A A BE, 1% 2 SEILEhS X %% (dynamic
equivalence) %025 ME (Nida,Taber,1969:12) .

i 9:

JR3C

B

B8z

This chapter discusses the history

of autonomous vehicles(AV),

trending research areas of
artificial intelligence technology
in AV, state-of-the-art datasets
used for AV research, and several
Machine Learning (ML)/Deep

Learning (DL) algorithms
constituting the functioning of AV
as a system, concluding with the
challenges and opportunities of

Al in AV.

REW LT A
BIIRAE (AV) HIRE
Pis. N A e ARSE
H 20 2 B R 4 ) A
VTS T E 3
2 R R B T R IR
Hmse. M e sh a5t
KEREDRRME T
LA 2] (ML) /R
2] (DL) &k, LK
N TR BETE H 3 2 3t
VA2 A 3 THT I P B
5.

K EEERNH
NEIRL (AV) K1
. HAREANL
B R BORAE 5 3 2 3
VR4 AU ) A% O I AT
Jila), B TR R
Jo Bt B 3h 2 BR A
TR €/ 5 S R 2
R AT K B B BER
R G Ae L&
2] (ML) 5%
(DL Sk R, &5
MR 5 LA P A 4
JE R N T8 RE1E %
UK R T 5

BEEAIERE, ORE TR A AR, JEE N TR AEROR” M “ RSk

BEAESE” FE MR AREAERTE,

TIERIFHI Oy

CJf3 Sz /it e s/

B/ 55) BT E R EEMNERE. BV ERECCAERINE, &6
ARSCHRS IR B 3%, (E AR SR f R Ay, BRI S . SOFEd, R R
SCYRAEN 5 ANER Y, 4% I 52— BE T 7 1A — B R — A —~ S5 Iy, iin T

¢« %‘5‘6 » N ¢« i&%% » N (43 Bjﬁ}ﬁ. » N ¢« E-i}é » %Eiﬁ?@jﬁi&ﬁiﬁj’ % (43 E:é%; » N (43 éj\*ﬁ 77‘
“RENTT L CREY SFPUERIRE “discuss” , WA R EE. B RAEEEKR

KRG, PR T 18 PR A

16
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% 10:

JR3C

B

B

This categorized the lane

paper

detection methods into three as

feature-based, = model-based, and
methods based on other trending
technologies and discussed a novel
curved road detection algorithm,
where the road images were initially

divided into ROI and the background.

AR SR A8 e il 75 v
VA2 FE T RAE Y
L TR [ A0 At By

MEAR=, IR
N i N URp X iRl
Hk, HrhiE sk E A
B WIAE 73 N RVE X 3

A 5t

A SR A SE A Ty

5% 43

KSR R )]

LENYUEEE e bty 1B

il M BAR A =

K

Ko [FI;, BT

7o
M5
K18

T 7 A 25 0
%o MHEIEE
i B & o ) N

‘[’/\

B % R [X 3 AN T 5t
X35

BEEAIEN OR B 1 S SR A R Z RS A, A A7 ETE, 18

and discussed...”

TERIEFIETE, R “A and B IA)IEHE

1L “ categorized...

2, % “where” 515

MWRJERFEN “Hrp” , 4ifpacif WA BABRAE. AXEER 1, ARtk

BUR H 2%

ETIMESS, REMRE “2RTE” 5 “FiETR” WiZExR, &

B TR QAT R SO O E . AR, R E S B “This
paper categorized...” 1 “and discussed...” #Z AR IR E A 0A) . BB ¥ “where

the road images were...

a), W T “RT5

3.3.2 ZZE

7 RPN — AN AT AN R U . REE IR N =AY
75 CRNETHRT MIZERR, FRIR T EEE RARIKERE

CREATR I RAE R SO KA RS RE T, AR R T R AR A, T

25 RS SR PR ISR s
5 HiEE

sHERHR—
SRR A) 2 (FEZE, 2021:147)
TR N EERE, RS E, FET

FRINRETTE, BEMR R SR il
FERL BRYSESCA R ) 2 5% ) 2
S U WA R DA BB IR AL B

SRS

17
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Bl 11:

JR3C

B

B

The smart connected
vehicles are supported by
an Al-based self-driving
system that responds to
external conditions
through the ability to
sense their surroundings
using Adaptive Driver
Control (ADC) that uses
lasers and radars enabled
ML DL

with and

technologies.

BB LR ERHMEHA
2 B R (ADC)
JE5% 1 Ji PR B 55 0F 411 T 2% 1
i R BN T BE (AD
H 3 2 3 & 58 SRR .
N A o] AR
(ADC) ff [ 1 Bl 2% >
(ML) H5IEE>] (DL
BREBOG R IS .

2

= H
&
Ji

[ 3 N A B HI R (ADC)
PR ] (ML) R
¥2] (DL) HARMBOGEIE.
e IR 4 gt 2 e i A
WOG TR 1K 1 1 IE 32 B4 )
BB (ADC) JERAIFRES, AT
Xof A1 8 I B 48 L e B ) R T
ANTHEfRE (AD MEZhZE Y R
51572 S 1 P

WIPERS PR R AR LR T IRPE, AR 1 ABsEAE.
XA BT MAJ RPN —
F—MNPOER) T EEEM, W

lasers and radars...”

B, HE R

[F, #5 “that uses

Mo afE Nt Rl . BB AIAR
BT PR — e

TECBERRA T, PEE R T Fk561E T “that uses lasers and radars...”
XA EENA], HARE o FE AR IR, Ao 200 H I8 N 2 B dl B ) R 4y

s BMERIBLES 3] (ML) AREESA>] (DL) 80K, AR AHE
TRE LRI E SC, e o MRS DA,

IE!
{4 H AR

18
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Bl 12:
JR3C W i
Using the KITTI dataset and a | LfH KITTIHE2E | iZAEZEEE T KITTI #4E
trajectory  approximation  of | Al K i 30 124 W 4% | 4 5 KR I I0 12 W 2%

LSTM, the framework changed
3D poses when instances were
moved around in a global
coordinate system, outperforming

long-range LiDAR results.

(LSTM) %I i/ L
Tik, HRAE A R Ak
b R B, ZAELE
AR T = YRS, HE
Re AL Tz 72 WOk 1k
ks 25 SR

(LSTM) #LiZs i Al 4
e WRTE A R AL bR
hE T, B R =
YEfris . HERIR T
P26 T IA (K T 45
2.

TERERS, B 7 KW B R E M A) “when instances were moved...”
PEHAN, HAFEARZ IR E SR, BARMESGEERIEE, HIFE AR

R 25

HENOES, RARIFEE SR N = A). £ N ahE “when
instances were moved...” XX/ EPRIE A AT EE, 2508 7RG, BIRH T
WPk, BSCHRBONEZRMESCIR A= N 0], BRIZZEEE, ZHEEWHE T .

3.4 BREREER

ETERSCE LML ERAE, A TERE, E AR T 2E. Bk
(AR FA IR0, A REA R Z 3 AN LM B SO T 3 i (B2 718,2024:182)
DOBAISEEAEA) T A MR B4 A RRIAR . RiEINN, HIOEE &K
HER X, SRS SEAMX . DUERAES, BIA) RS2

RMRIEAKE T I ATFB 2l s

UIE CHEANRUR MY B 283 5 75 ok,

AL DE I A) T AT RIGZ AL . oW EHia &, A7 Z @
BEOR R H A E R A 5 B U IERR T BER I R (Nida,1982:12)

DUBTUK A B AR R R AR “AL IR H. SR SR BoNITTR, EH
TR PORE B A RHEIHTIEIE R, 2006:117) o POF FEEEE SGEREA] AL

F, ABERFEREFEDREINE R A% 5E

19
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VEVEZR B A BERE, B DOE A PRI RN (PR, 2013:89) o [A]
R EER R AR P A G DOE S 2R, WG, M.

JEEA) T UL AR O, RS PRCYERHE s DOER) T PATE-E
N, MBI A GEIEE, 1993:78) o [AINY, ZREWMIEH: il SVO ZitH)H)
PRI S DOEE A S AR ph 2, B i B AL 1 R SR Bh A 4%
PLFA H AR IEAEIAE RN (Nida,1964:159) o JEiH 13RI S AR e 4 AR
TN, SRIGTEMRRE AT . OGE MR T — Db AU T, e
H—AEERBOE . Bk, AT EEIGES MEIEN4E, FEEMEd R H
B8 H BRI S0, RSO R P d 2 E A F AT R

3.4. 1 HM#EIA

T 2 R ) TR G ATAR L R e 1], AT AN SCIRE BT %, )R B DT
HAT SO =, AT & 0 AR (5279,2021:1727) o (ERHEREET, XN
TORFERTEAEDT, ARG — PP I (RELE, 2014:82) o BHERET S I A M %
SRR, TR, B ORESCRF AR AR R AR PR SRR A
(House,1977:49) . (Hitt, fERIPEIRET, P& BAECRIEIESCHE LRI T, 1R
R N TH % I RIS VA AR A 1] (148 —— G P e o 22 J A N i 1
BEVE, AT S B R T AR IR TR B . MEA 255 is P BN SR, T e sk
LRSI B IR 4 B AR S R AROE B
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1 13:

JR3C

B

B

Autonomous  vehicle

developed to provide several pros in
comparison with human-driven transport.
Increased safety on the road is one such
potential primacy — connected vehicles

could drastically decrease the number of

casualties every year.

technology  is

Sk Es e NP
RAFEN T FEBEARLS
T AL A BAT

Hpya 0%, 18
2 Ik R T 2
RRBHELH 2 —
——HIIR A LA
R ol B A T

ERZEEE & N =
IR T A
T2 B 2 A0
#o K, TEHE
2P $E T 2
—MEERS . B
fn, HIGRERTR
i o /b &k 47 405 T

NHL

NEL

BRI VL, BAREL 7SS Se, (ERE R R R ANIE I,

B R O “iE
A = HE R

B ARSI M BRGRE” 2K AR, EEiET,
R, RN ETENIR . HEIn “Hln” Rk

P Wb E LR, BIREGIRR, BAEE REAIFFIEER, $Em T UM
CIREZ 1ML 71
Bl 14:
JR3C I azs
In addition to level 1, the ADAS | £ — 2% H &l % B FEfill | 76— 2 |1 2) ) G L fil

provides brake controls to the

system such as  Automated

Emergency BrakingSystem

(AEBS). However, the driver must

pay complete attention to the
surroundings—Ievel 2. At level 3,
almost all automation processes
are performed by the system, but
driver's

access is required in

certain operations.

L, mPEYH RS

(ADAS) &N R G4
HLi I B 2 % 2 H13) R
4t (AEBS) 2 2511 3
fEfl. 2RI, fE 2 H
B BT, T 5y A2
URE IR R HIABE . FE
=gaaEt, JLF
BT H Sh b AR A B R

GAT, (HAESEEIRAE

L, EgE B R R
(ADAS) #ii H3h%
B R% (AEBS)
SR RS HI T RE . AR

ZE B HHrE, B
S4TSR SR VE )
W8 E=JHER

BrBL RS LT A 5E K
2l B s gAE, (B4
i € B 5 AT 75 25 Bk A
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AT I R AN

wE.

BEEAERTEI, SR ZES 1075208 SR S0
BA R E AT R . B JF SO AR IR — AN ]
« ZHHEN SRR SIS SR, B TR

“but” ST 4 EE I LK,
A, R SCAL S S —

“in addition to”

“however”

JZIBHE R R, MEH “however” JFREFITIIE X, Lbr b —MEidtc R,

B U] R E B M
N AR A AR .

REN BB SLBThREZ, B “however” ¥

PR, BFEAPFEE T “Inaddition to” A1 “but” PAMEHEERE, %I —

T ZHASERP IR,
SRR 2% B 3 M H R IR,
R LI, AR SCRAT RAF A B

3.4.2 EFAE

FERERIEOORR, fien BB E R, Rl

T (RIER AR
BT, BT R

BER “however” BEH N “PRM”

MM “45”

ITRZSE, FEOEEE IS, w1

RE PR B R SCIEE R, (BN
ETME, AIRER 200 L it AT S . AN BRI SR

BRI 0 B BRI i Oy B S TR R L, R

KAESE LB T BARIERR A, X BB T B AR EEAL, B2 17

g S AERNL . AR R ZE R (3
WHRBYERRIE T, RSO R IS 2 11,

PEE, 2014:9)

R, AR BEN BE A s PR AR AN 1 52 JEOC P R ILRIAE B

B 15:

PR L R YR S DL
DU S i3 B H AR R

JR3C

P

B8z

The suggested algorithm activates the
various functions of the driver assistance
system to control the speed and apply
the brake after estimating the likelihood
of an accident.The alarm is produced as

necessary by the driver assistance

T $ th 10 5 O
2 0 5 B R G
& M T Re DL ¥ ) T
JE I 7E il 5 F T
S 8 = 1 v =
3 4 Bh & 4t ) B

FiT e (¥ SR SE O
A I BF = XL
e, AN WOE S
i W 2R G ¥ 2 1)
RE, AT 42 ) 4 T
IRl . 2 B
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AR RG BN K HE

o

system.

PEHFEMIREIN R TP, (HiRfE 7 “after estimating...” X AMHE B 1)
A, sEbR BB T PN BhE “control” F “apply” AN R A& 1& M “apply the
brake” . WICH LEAFEL, HAEERKNRRE. TREEHT 7 iE, aiiE
T %A “after estimating...” , {EN— NI A]. H “RIE7 51 HERELEIME,
“ANIM” I BRI, AHERFRAT TE AR, XAERREE R TR, XE SR
SEIEM, SRS OCHRIE IR

1 16:

JF3C

K1

B

LiDAR is more efficient in

creating 3D images of the
surroundings that is considered
critical in urban settings. A rotating
LiDAR

roof-mounted sensor

creates and maintains a live 3D
map of a 60-m range of
surroundings and thus generates a
specific route for travel to the

destination specified by the driver.

PR A A B ER BRI
=R . ETER:
BWOtTEIA (LIDAR) i@
i A% B A% T R O 4
R 60 KU A I = 4k
Mo, T4 e 5 v
SE 1 E 1 Hh A B EL Ak
(12 B 2K

Jig e R THOL TR 8
(LiDAR) 1] X Ji [
60 K [ 61 i I LS
BB 4L, AR K
AR E H
HARAT R 4. WOk
AR AE T A
KA, Refl R A
IR 3D BB, BT
IR

FEXIET, PR “that is considered...” IX AN EIEMNA)TRE, BEBRE TiEF,

HEAR ERAZ PR B, BERKRRRIAANE, BIEER. SORn, EHLF
TE A, BUE T ESCHIE . /£ “LiDAR is more efficient in...” fIEIFEF, P&
R € TE M) “that is considered...” SEATHEH, RETHEE 7B, KHEOCEIXMER
SeATRE, IERDABOGE IR AT LG =4 A, B AR T A AR O, B
W 7 IESCHRIR R R &R, B T RSO, BT RAR.
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BT BE5RE
FERANREERE T, JyAERR AL BAR SN T M AR E . A4 AL A5 S A A A,
R PG RIS HRIE, B HREVL-TATIOR, RN &7 L 5B
FIMEI. AT REEE, SO BREE. M LEH LIS ==,
P SO AR R NBAT fRAS . X R FR 2 IR E, AT T
IR ERE 77, SEON RS AROREH I TARBE 1 s dtbat

4.1 B HERT

W T IR S8 T i B AL R B2 SO, ORI R B oS B, EE AR
B O T e, (HIRE RO IR B R 5 RIE M R Y, Te R E WK
JE T A] E R o

SERRAIE G, B B LB Xbench B 78 AL Al AL, o B N AR EAR
TAC ek IR B aERTE. ERE M. REARTEILE . SR ST S AR
Ao SR TR BORE AT VAR, A RER B SIE SR, 3
o S JEUSCE B S U7 AL R RE TV, R B R AR BT AR D, BER
XHESCHEATAT I

S5 =W BUEE 0 SR O 2 SO SR E  BETR NAEIZ AR AIEMTE . SCRIK
MRS ). 5T -PEF NSRRI, 8 5 R AL 0L A g A R AR Y
B, WRORARERIEAERD,  [RINRR e AR TR B B in DR, i OR B AR 70
IR BR300 5 BE 5 R RS M AT B, SRR SOR R A,
T RNAZ . B 5 B R R R A R e B, I ARTE I HERA VR AT I &
Xf SO R I I E AL A SO R AR BEATRR AT, X SRR G 830k sUAE T PR

B, ARSI RS LS R IEIT .
4.2 FEKIK

BHECCIRBI RSB AN, B EE KINa ERA . FraafE RS 3 B
N, BEEZTIEEER, SERCT LIRSS .
FERBBE AR X E L AT, Bl ks> RS WE. Bk
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PSR 2 SPAT ORI . RIBEEEME . X E R LBIWHT S 2 4R E, X
SHERE PRE . AR, RGBT RHRIOE R AOE U E TR,
AT SURBTURVE . B USAHE B 55 N o B0 AT S MR R, PREIR
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FIRHIE R BRI SROEPIRSRRS, JFREE B ACFRTE, BAR IR AL 5
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#il4n:  “Real-time high-definition maps (SEHEEHIED 7 (3@ 2 SOk HE xS
FHULIGAE, & FAE FH B0 R TR RE R Kk 2 1 AR &=

B2, PETFENIE R R R T 75 LR A S Sk RE 7y, B KRR B 2 ) ST
SRR RN HMS . BIARIEZ AT, BEE AL I A SRHEEE. B
AN NEREAL, BIBATME . P8 03I A0A 8 A kR S T M G B A A B
BEL A, X ORBEEHIE 0 H RORHEE %2 00 B2
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4.3 A St

FEARRB L, B BN KRN (845 i SCA KRR i
REESCHIHERIE 5 T tt, RGWHE TV NTERE. A B RSENUR IR
SCHRBERE, JF AT 5 AT R, gk IE I e R AR U B SR R R IA R

ETFHEAZII AL, B ) 5 b IR R 2R s, 22
JEUSCRER 73 P32 (R P AE T MR 55 RV T A A A o XSRS AT
TNEARE &S LA RARIE R e s RIS LK E S 1EmPE, B
TRACAR AT ST T o

NIRTHRI AR VL 5 Ll e, B e A I 2 SRR R simAL Lol RR i 6
[7 IR 235 77 X AN [RI R 2 SCAS J A 3 18 5 KUk (0 BB, DT S 30 B 08 Jo F 8 28
th
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f—: X KEX

Source Text Target Text
Artifcial Intelligence in  Autonomous | H 32 3R 4 N L& g —— B H A
Vehicles—A  Survey of Trends and | HEhGIHE
Challenges
Abstract R

The potential for connected automated
vehicles is multifaceted, and automated
advancement deals with more of Internet of
Things  (IoTs)

development  enabling

artificial intelligence (Al).

SR B 55 B 7 7142 2 T,
HERE B B A6 B2 1) K MBI (1o Ts) Y
RIE, IIHEEI N TR GE (AD KR .

Early advancements in engineering,
electronics, and many other fields have

inspired AL

TRESE LT 2A 55 T 2 AU YT SR
NANLHEBER R IEBE 1 HEIEA

There are several proposals of technologies

used in automated vehicles.

KT HINBRFEWH R EOR, 72
PR %

Automated vehicles contribute greatly

toward traffic optimization and casualty

reduction.

[ 3072 B 7R 8 28l LA AN gk /b 22
FHMOT A 1 K DTRR

In studying vehicle autonomy, there are two

categories of development available:
high-level = system  integrations  like
new-energy  vehicles and intelligent
transportation systems and the other
involves back-ward subsystem
advancement like sensor and

information processing systems.

£ B B B B BRI FE R, AR JE
HAR: R LUBT eI e 5
KRG NEN = RGER, H 2R

FEREAERLERGERET R
GLRIEATI

o R ]

The Advanced Driver Assistance System

shows results that meet the expectations of

ER LA R (ADAS) FRSERRM
FRCRFR W, HEseE N 2 E 3
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real-world problems in vehicle autonomy.

PEUK B S = B, IFE U B

o

Situational  intelligence  that  collects

o £ i B A ) 1 45 i R 20 il

enormous amounts of data is considered for

e e T A P 0 DA R AR

high-definition creation of city maps land

B

surveving. and quality checking of roads as

well.

The infotainment system of the transport

2 (5 B AR R G 1A

=

+

covers the driver’s gesture recognition,

language transaction,and perception of the

ik (LIDAR) I £k e #E 5 Jl BE

surroundings with the assistance of a

(RADAR) 4 il 1~ ) & Bl A B

camera, Light Detection and Ranging

e Xt b 5 AR AT S 7

(LiDAR).and Radio  Detection  And

Ranging(RADAR)along with localization of

the objects in the scene.

This chapter discusses the history of

A F R H A B MR (AV) [

autonomous vehicles(AV), trending research

Do, R IREE N TR AERORAE B

areas of artificial intelligence technology in

2 2 W R AR AU A O T LT [ 56

AV, state-of-the-art datasets used for AV

research, and several Machine Learning

(ML)/Deep Learning (DL)algorithms

I\ \/—‘]LAEI N s i

Jan N= E 22

B4 o B 5 VA0 IR AT R4 B 1 B 2 3R
ERADRERIN AT >] (ML) 5IRE

constituting the functioning of AV as a

system, concluding with the challenges and

2] (DL BEER, fJa hakills

G N O BE >

T B £ 140

opportunities of Al in AV. (R R 5

Keywords R 1]

Vehicle autonomy, artificial intelligence, | 28 H 1%, N TR GE, H5REMEE,
situational intelligence, datasets, safety | #5455, ZZabrifE, MERER, Hik

standards, network efficiency, algorithms.

1.1 Introduction

1155
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An autonomous vehicle in simple terms is
that its movements are from the start to

predecided stop in “autopilot” mode.

R EZ, B BEIREZREE
“H 2h 2 AR R AGES BT 2%
mE BT

Autonomous vehicle technology 1s

H 22 B R 5 FE TR AR T AN T 5

developed to provide several pros in

WEL Y. L, JERg R

comparison with human-driven transport.

Tl — AL Bilin, HIIREE

Increased safety on the road is one such

A RIS B T NH

potential  primacy—connected  vehicles

could drastically decrease the number of

casualties every year.

The automated driving software is the most
comfortable transport system that highly
supports the class of people who could not
drive because of

age and physical

constraints.

B 302 B AR Dy i AR AT &
Gt 9 DA AR IS PR 2R AR R i i e T2
B NREIR B T J150HF

Autonomous vehicles help them to find a
new smart ideas, and it is predicted that it
could provide them with different
opportunities to work in fields that require

driving.

5 2 725 Tk 2 5 B AT 28 ) R R
B, W e R A PR A 7R 22
AUk A BT L2 o

Automated decisions are taken without any

human intervention, and the necessary
actions are implemented to ensure stability

of the system.

H s R TT EAR RN L1, JF5E
Jit 6 ) i Tt LARF PR 2R S8 (AR E 1k

The smart connected vehicles are supported

[ 3 2 B P R CADCO A LA

by an Al-based self-driving system that

%2 (ML) FEES>] (DL) A

responds to external conditions through the

ability to sense their surroundings using

Adaptive Driver Control(ADC)that uses

(ADC) RIS, MM x Hh iR et
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lasers and radars enabled with ML and DL

S T N TR BE (AD (9 H 30725

technologies.

ARG SCFF IR

To extract object information from noisy

sensor data, these components frequently

N T M TS A J 2 e R AR B R4S
B, IR B2 R B T LA S )

employ  machine learning(ML)-based | (ML) %%,
algorithms.
An understandable representation of | H I VK 41 R G4 M s = K

autonomous vehicles as a system is shown in

Figure 1.1.

L1 s, EUENR TR T HE
RGP IR AR 3

The history of driverless cars took the spark
from the year 1478 with Da Vinci creating

the first driverless automobile prototype.

TN BB 7 ST LB H R 1478
5, HINIESF AT AIE 1 N R
IRWEN/ it

In Da Vincis vehicle, there was a
self-propelled robot that was driven by

springs.

FEIEIT A R0 47— 6 B SRS A
FrE bl A

It had programmable steering and could

output predetermined routes.

ERA I RRE I 1 R G I RENE Ha
TIUE B2

This brief history shows where the roots of

artificial intelligence may be found in

X B JE I D SE s 7N R REROAR
USRI BAFAE T3 5 SRR N R AR R

philosophy, literature, and the human | JJH,
imagination.
Autonomous  vehicles (AVs)were first | Hah &I 45 (AV) & F1E 20 4 30

conceptualized in the 1930s.

A S K

It was the Houdina Radio Control project

that demonstrated a  radio-controlled

“driverless” car.

I A e 2k HL P R I s
NN “TEANBR” RE.,

In the mid-20th century, General Motors
took the initiative to develop a concept car

called Firebird II.

1E 20 i, ERARE AR EHF
KT — 4N Firebird 11 FIHE&ZE .
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This was considered the basis for the first

cruise control car named “Imperial”

designed by the Chrysler company in 1958.

AN 2 5 — A 8 I HVR R
“H[E”  (Imperial) BIZEAL, %4 H
SR A F] T 1958 FF it

Back in the 1990s, organizations slowly
proceeded by considering safety measures

including cruise and brake controls.

B3] 1990 FEAX, HLTF4RIZ D HEBE,
2 8L FE 5 T RN R 2 4 I TR I
Atk

After the turn of the century, blind-spot
detection and electronic stability controls
through sensors were made available in

self-driven vehicles.

BEN 21 A, 5 ke I AT R g
SR 1A E ) B A H 32 3
.

One of the biggest achievements in the year
1995 was the VaMP designed autonomous
vehicle that drives (almost) by itself for
2,000 km.

1995 4 H 2 2 B S i) B R R 2 —
& VaMP H B MR EREA:, 1Z47E
A AR T N F TR 6L R 58 T 24
2000 2 B A3 #E

Between 1995 and 1998,the National AHS

Consortium was held for cars followed by
the PATH organization that conducted the

automated bus and truck demos.

1995 “E & 1998 48], KEEFKHBA
% Z 41 B (National AHS Consortium)
FRYTFIE TR AU H 52 BT 5T
MG, SRRl S A A TR S
(PATH) #— s T HahE L Lk
TR AR IR S 7RG R o

In the year 2009, the Google Self-Driving

Car Project began; eventually, Tesla

Multinational Automotive released the

update in autopilot software.

2009 5, AIEHNBIREDH IER
JAE; MEiE, B A AR R kA T
BB KRR TN

Self-driving cars designed by Google,
having met with a test drive accident in the
year 2016, were considered a major damage

to the development of AVs.

AT ) B s B BT 2016
Wb A F R, X o B a5
IR BOR R e R i KA T o

At the end of 2016, the Bolt and Super

#2016 F K, JldF7 5 Bolt A1 Super

36




TR R R A8 5

Cruise 1in Cadillac have autonomous

controls.

Cruise C\H 7% H 22 25| D) BE

At the start of January 2022, Volvo unveiled
Ride Pilot, a new Level 3 autonomous
driving technology, at the CES consumer

electronics expo.

2022 1 H¥), IR/RIRLETH F 2T
PB4 (CES) L&A T Ride Pilot,
—IUHT 1 = 2% B 32 R

Without human input, the system navigates
the road using LiDAR, radar, ultrasonic

sensors, and a 360-degree camera setup.

ZAGLHFN LTI, EEEOLHEZL.
R I B AR IR e e R
SKkEEFSEIL A 2 IE B3

As of 2019, self-driven vehicles possess the

following features:

BE 2019 4, ANBFEFALLT
REE

Free-hand handles the steering, but

monitoring the system is also needed.

USRI, B0/ R0 &
G

With additional improvement in free-hand
steering, the adaptive cruise control(ACC)
keeps the vehicle at a predetermined

displacement from the surrounding objects.

B e R T A RR, BiE
R8T H 248 (ACC) A {2245 5
FE| P 1 DR R AL 8]

ibus

When an interruption is encountered like
the motorist crossing the lane, the car insists
that the system slows down and changes the

lane.

2 R GEATIN B 2R 4 TE A R IR L
I 5 R 2 B0 ik 8 DBl 5 il P AT AR T
(=

One of the main problems with AV mobility
is how to combine sensors and estimate
circumstances to distinguish between risky

scenarios and less dangerous ones.

[ 3072 B R N Y A A% o B R AE T
T4 200 R 15 2 A Tk i Bl O 1A VR
B, PRSIl m AR 7557 5K
17 5 A TERf X 7)o

AV’s mobility is quite tedious, but

continuous accepted releases in this field

give better mobility to the vehicles.

5 3072 B 5 R 1R S8 B 2 AT T i 1 22
PRk, (HEEHE 2R TT RAIFFEER
WS IEATT I, EAIBAT R RE IR RS
HTto
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Al gives a fantastic change in the

technological revolution.

NIETRE
PEAR

(AD TEHEARF At 5] R AliE

The Department of Transportation(DOT)
and NHTSA deal with safety in addition to

automation protocols.

I (DOT) FE ZK A BEAZ I8 % 48
FRJR (NHTSA) B 7 551 H kil
Ai, IR R A R,

Section 1.2 of this chapter presents a
detailed survey of machine learning and
deep learning algorithms used in the AV
literature where the important AV-pipeline

activities are analyzed individually.

AREL 1.2 TTRGRIR T B3 H Bk
Tl P& 5 o) 5 R L 21 B0, IF
PON=RHIEA L ES W N AN 1 8 N DA T S
— AT

Section 1.3 presents a survey of the

state-of-the-art datasets used in autonomous
vehicles, and Section 1.4 discusses the

industry standards, risks, challenges, and

opportunities, with Section 1.5 summarizing

the analysis.

B3N A T E SR )
RICHHEIREE, 2B 1.4 AT T AT kAR
L XU, BRERAPLE, 55 1.5 AL
TR,

1.2 Research Trends of Al for AV

1.2 HahZBW AR (AV) i N TR e
T Ik 34

To provide readers a comprehensive picture
of the status of the literature in Al on AV, the
trends of ML/DL

current  research

algorithms in the design of autonomous

R RGAE I RIPLEE % S) 5iRE
2] (ML/DL) HIEAE B 3 5 BIR &
T B ST EIOIR A K FR a3, B A e
AT RN N LR B AE H 3l 25 G ek

vehicles are presented. IR 9T 4 5
The systems rely on several technological | 1X % 2 S {k #i T N T2 g £ A 77 1 1
advancements in Al technicalities. HHHEAERE.

When looking into the automation ideology
in vehicles, it comprises six different levels.
Starting from level 0, the human driver

operates with no self-control in the cars.

AR B Bk o Gtk R LRI 73 N AN
SEES . BARIE . Level 0 40 (58
EoU R DIt NG~k Jak oy YEC £
TEAA B AT B 4 HI TR
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£

We could say that there is no self-working at

FATATLAUL, £E55 0 L EBCAH AT

level 0. H A1

At the first level, the Advanced Driver | fE55—2%, 28 ) S 0% B B R 4t
Assistance  System(ADAS) in vehicles | _(ADAS) it s sl i [m) 45 i K 4 B
supports the driver with either accelerating | 25 i1 .

or steering controls.

In addition to level 1, the ADAS provides | f£—4¢ H ) 2 B LAl I, m2 2 ShiiB)

brake controls to the system such as

#9t (ADAS) S#rtf B 2h X 2 3h £ 4t

Automated Emergency Braking System

(AEBS) ZR| = HIThEE. f£ % H

(AEBS). However, the driver must pay

complete attention to the

PRbE %2 EE BB, RGLT

surroundings—Ilevel 2. At level 3. almost all

nlE s Bl H AR AT, (HAERT e 7 55

automation processes are performed by the

system, but driver’s access is required in

certain operations.

Real-time high-definition maps must be

accessible, complete, and detailed.

SN e T B A AR W T 1R S 5
IRERAII

B

These maps are necessary,and they are used

to decide their path and trajectory.

XL R T, TR E AT
LR o

Further development of level 3 is that the
vehicle’s advanced driving system(ADS)
provides complete automation without a
human even if a person does not respond to

a request in some circumstances.

L3 %% B 32 B ER A% O RABAE T
FLHE 0 = 28 Bk R ST (ADS) RE 1% 5K
P TN LA NS84 A 3hikizaT, ’

AR 58 5 1 2 3 R R B R G K

AR BV ORI, 5 AT Fp R AT 25 BT

%o

A vehicle’s six degrees of freedom are
indicated by the stance, which is monitored
by AV pose sensors:X, y, z, ¢, 0, and y; here,

X, y, and z depicts actual positions of the

1528 B 2 S 25 2 M
LIS I, FUARAER x v
2 (CHZIAAND Fro CRIEAD . 0
RIS + v CEEEFDD L 3o xu
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£

system at level 4.

z f£ L4 S BN B3 RGPS iR LS
4 Ry A b 281 B S BR RE B AR o

Eventually, at level 5, virtual chauffer
concept is introduced by ADS along with
ACC and does all the driving in all

circumstances.

E LS B HE BB, mgZn
24 (ADS) JH 34 [ IS N
(ACC) ZEHAR, FIN “EHIER R

A~
MESr,

SCBLE 2 TOLRE M HE e H E

2R

Autonomous vehicles can be successfully
implemented in a range of use case
situations combining the complete working

of sensors, actuators, maps, detectors, etc.

H 20 2 Rl B SR . BT
e MU AR G0 R 4855 5T R G U

iz

T

E, AR 2 RN 37 5t v BT SE B
ERE

It is necessary to demonstrate the
functionalities in real-life environments like
urban and rural developments combining

smart vehicles.

==/
ﬁ

B BEPIBITAE B S bR N 5

FER LI 17 S 2 A TE B 24 158 1) 0 Sk
5 P IR H A e

LiDAR technology ensures the functional

and safe operation of an autonomous

vehicle.

LiDAR is more efficient in creating 3D

e T EIA (LIDAR) AT X JH

images of the surroundings that is

60 K Vi [ 61 2 IS¢ i 55 T — 4 b

considered critical in urban settings. A

rotating  roof-mounted LiDAR  sensor

B o IO TR A ST P S SO

creates and maintains a live 3D map of a

B, B

5 A A 3D R, i

60-m range of surroundings and thus

T @

generates a specific route for travel to the

destination specified by the driver.

Radars are mounted to measure the distance
between obstructions and are placed at the

front and rear.

IS T R RSS2 18 B, H
LA BRI T AR A 5 o
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To determine the car’s position in the lane
concerning the 3D map, a sensor on the left
rear wheel tracks and signals the system’s

side way movement.

DG HERA E BRI AE R IE N [ = 4=
AR AR, A7 T 72 Ja 5 (R 07 B2 A% Jee i 2 S
I 38 BRI A S 4 i [ f2 A2 15 5 2 =
A s A E L R

All of the sensors are connected to the Al
program, which receives the dataset in

accordance.

P RS e PN TR RERE Y, B2
Fe AR AR I (0 Bt S B

Thirdly, collaborative efforts

mapping
gather massive amounts of raw data at once
utilizing GPS technologies to recover
information on traffic signals, landmarks,
and that

construction  projects cause

deviations.

=, MR EHAR T Rl B Ak
SENLIAR (GPS) SE )20 R AR B
I MR, R SEIL B ARG TSR A E

T BRI IR S 51 B R A% 1)
Jits T XA B A HRAE S

By acquiring more knowledge on the NVH
behavior of the entire vehicle, the vehicles

performance systems can be improved.

WAL 2k T8 NVH (s
RN SARERE) et R iR, T RASE
TR TERE R L

Utilizing Simcenter NVH systems has

additional advantages, such as Al-based
strategies for improving the effectiveness of
NVH testing, and NVH performance
prediction without the need for intricate

simulation models.

K A Simcenter NVH & 4t H. 2% %l 7h 7

AROLH, Bl nde it T N TR st
SRS ] 5 2 GE TR P | YR B S IR S

& (NVH) iR%kRE, FFSLBl L& ik
A3 2 47 BT ) NVH T BE T e
1.

After the development of the 3D models,
the developers focused on substances in the

surroundings.

£ 3D AP R SE A, JFRN SR &
SUBAE T A B PR YAk B

A revolutionary  YOLOvV2  vehicle

architecture has been developed to address
enhance

accuracy-based concerns,

sluggishness identification, and  solve the

BN FOT K ar ) YOLOv2 42
RN AR, B AR UORE FEERIE . $2 Tt
B HER A RE ST, I S0 IR gr SR bR
5 1)
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lagging in classification criteria.

An autonomous driving system was overlaid
with augmented reality (AR), displayed on
the windshield.

HE M AR5 5 EIE (AR) &N
TR, RIERNIE .

AR vehicle display systems are necessary for

navigation.

NSRBI RE, HERPLE (AR

BB BRGSO AT

Situational awareness has been considered
as the command-line interface that was

developed using AR technology.

15 858 TR 2 48 A 37 9 B T 1 s B
% (AR) BRI R IO AE B A T

The INRIA dataset was used to identify

R 4 [ B 93 4 TR il % ¢ (SAE

vehicles and pedestrians as part of the

International ) & AH B 3L &, INRIA #(

demonstration of an AR-HUD-based

SRS TS AT N, SR

driving safety instruction based on an article

HF Rl seiE L B g (AR-HUD)

released by SAE International.

il 7 b 3%
NS é D /\é N T:[L/\O

SVM and HOG algorithms have been used
to build the identification method, which
detected partial obstacles with 72% and 74%

accuracy in frames per second.

SREFENL (SVMD 57 A E 7
Kl (HOG) BiE4 1 Ty H AR iRl
Jiik, HAEAWIEL (FPS) Al Z& A4
T B P R S R 2R 43 A
3 72%5 74%.

Since improvement in the above system has
been demanded, technologists modeled a
better version through the use of stereo

cameras and augmented reality.

M T3 EIR R GRS R R, FORA B
A I ST AR S AR SR AN 5 I SE CARD
PR | — A IR

The forward collision alert system detected
vehicles and people and showed -early
warnings while applying an SVM classifier
for apprehension that received 86.75% for
and 84.17%  for

identifying  cars

identifying pedestrians.

Iy 17 flf 48 91 AR G038 R FH SR )
Bl (SVMD 3338 S H bk, fe
BN 2 547 N IF Al R P,
TN HER 2k 86.75%, AT AR
AR IL 84.17%.
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Although it was challenging to establish the
motion-detecting  strategy,the model was
able to control the car in confusion

situations.

S ) 3 38 50 SR SRS T W B A
PRk, A HIE A REE 2 A AR P )
SR LT SEBURS TR I 72 By R g 11 o

This method established a rule base to

handle illogical situations.

GITEEAL T — AU R A A
WL

The method might complete 45.6 m of

242 I B VR AT AR 502 BB N 5E K

designing a path in 50.2s. 45.6 K BB B
The study suggested the use of R-tree data | AT H K R-tree (Z[AIZE 51 H)
structure and the continuous nearest | FUHE S5 S IE LRI A RE AR T X

neighbor search.

To simulate 3D rain, stereo pictures are

used.

N TR 3D M, A T ALARE A

The method can be used for already existing

photographs, preventing the need to retake.

27 R AR 2 1R
AN 7 2

T

The Recurrent Rolling Convolution(RRC)
for object prediction and KITTI dataset were

employed in the study’s tests at the

Karlsruhe Institute of Technology.

fER/R & e H T % B (Karlsruhe

Institute of Technology) I 7T,

KT T H AR )3 7R 3 4
(RRC) ALK KITTI 4 4E

The results of testing 450 photographs

reveal that the algorithm’s measured

average precision decreases by 1.18%.

St 450 FK IR A HEAT IR A0 45 5 oK, 1%
BVRRIP YIRS EE R FE T 1.18%.

The most likely to happen 5G-enabled

vehicle autonomy says that through

C-RAN, autonomous and connected

vehicles running on 5G will be able to
cloud-based ML/AI to

access make

self-drive decisions.

] REVEHLIY) 5G H BB BT RER WM,
WM EMB AN (C-RAND , FT
5G R AE P I 2R 400Kt RE SRR T 3 T
UL 7 S N TR (ML/AD
PASERS i H 32 Bk

In high-mobility settings,edge computing

FEREMENTHOL Y, AGHEM 5G A
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and 5G can greatly speed up and improve

data decryption.

=
J_K

P2

0 K o e
Hez ik,

THE, IHERTE

I

In these cases,edge computing-based data
analysis and processing are automatically
executed in the servers that are nearest to the

cars.

FERLERE LT, 2 TG H B 7>
HrAn AL B 2 B B AL B 4R B 1 R 55
# BT

This might significantly lessen data traffic,
remove Internet constraints for handling
greater speed in data transfer, and lower the

expense of transmission.

AR T S AL R 2 ARSI L S T B

W0 2% A% B iy 5 BR A, O B AT A% B A2 Al
ZN

The researchers confirm that high-speed

Internet  access can  improve data

transaction, and eventually, autonomous

driving is highly benefited by the same.

WFFCER A, & H I X A\ o] $ -2 s
FEECR, BT B 3h & 3 R4t 25K

25
Il o

The stochastic Markov decision process
(MDP) has been used to simulate how an
autonomous vehicle interacts with its
surroundings and learns to drive like an

expert driver.

BENL S /R ] Rkt 2 (MDP) H T
LU 272 T 22 5 4 5 ] R PR B 1Y
TH, MG CERPLT —HEELE

The MDP model considers the road layout

LR AT R EILFE (MDP) f 5 2% 18

to account for a wider range of driving | J &M A 7, LA & ) 72 0924 04T
behaviors. N
The  autonomous  vehicle’s  desired | H 2% 30K 438 L Ak e 57 S0y 0k 18

expert-like driving behavior is achieved by
choosing the best driving strategy for the

autonomous car.

B U B SRS, T SEILR T R 2 3t
T,

A deep neural network (DNN) has been
used to make an approximation of the

expert driver’s unknown reward function.

AWK IR ML ML (DNN) Xt
L 8 B 53 1) A SR 2 Tl R E R AT T A0
jEy
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The maximum entropy principle (MEP) has

been used to train DNN.

AR K R EFE (MEP) I ZRi%
JERZ 2% (DNN)

The simulations show the ideal driving

characteristics of an autonomous vehicle.

BRI SE R 1 B 32 B R B4R
2R

The use of the MEP has been modeled to

train a DNN’s reward function.

AW I T B KRR HE (MEP) R IR
JERRZZ 4 (DNN) 225l o5 5031 2 A5

jﬂ;go

Additionally, essential derivations for
applying the MEP to know the applications
and workings of a reward function have also

been offered (certain functionalities).

ZNIIRE X S VAR N B
(MEP ) it fr 2 Jih o8 £z ML Jz AR
JFER ) SR S

1.3 AV-Pipeline Activities

1.3 HEhS B ARG

Each domain was examined by looking
at various approaches and techniques
and comparing their benefits,drawbacks,

results, and significance.

RS M INEAEOR, IF BB
AR BR iy SR ATE B, 3 R A
AT TR

To hasten the construction of a level 4 or 5
AVS, the examination of each domain is

summarized as follows.

INGEAERE L4 B Ls FE shE 0 &
4 (AVS) W R ERE, AR &+
ALV ) S B IS TE L S R R

1.3.1 Vehicle Detection

1.3.1 B3

This section analyzes deep learning methods,
which are used for quicker and more precise
vehicle identification and recognition in a

variety of unpredictable driving situations.

AT MIRES>) (DL ik, AT
TE S5 AR 00 A 25 B s ot S BB o
A B R 0 R VR 0 ZE 5

This paper suggested an online network
architecture for identifying and tracking

vehicles.

ACHR T — i R T R 50 R B 2
FAOE 2 44 3 1
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Using the KITTI dataset and a trajectory

IZHEZE A T KITTI s 5 KA i

approximation of LSTM, the framework

2% (LSTMD PSS 1)

changed 3D poses when instances were

AE 4 )Ry AR bR A i, ] el — 4

moved around in a global coordinate system,

outperforming long-range LiDAR results.

LiDAR obtained 350.50 false negatives in a

30-m range.

BotEEiA (LIDAR) 1F 30 K EE
WHI 350.50 RIRRE (IR

LiDAR-based false-negative scores for 50-m
and 10-m tests have been mentioned as 857.08

and 1,572.33.

HETWOLEIS (LIDAR) MRk (B
PO YREE 50 2K 5 10 K2R Y8 R
w9 857.08 YR AN 1,572.33 K.

To improve recognition speed, and as a way
of resolving it, a novel YOLOvV2 vehicle

architecture was proposed.

ONFRTIAR TR L T fiff iR izl L, ASHE 7E
SEH —FHT R YOLOV2 ZEAs il 2244 o

One of the main problems with the real-time
traffic monitoring approach was the low
resolution of the images,which may be

attributed to factors like poor weather.

SN A2 T WA R B A L
BB HER A, XA REA I T8 55 RS

Vehicles in low-resolution photographs and
videos were examined for this issue in terms

of CNN’’s effectiveness.

B R B S AL R ) A
0 e, ASHIE 7 B2 R 4% CCNIND
AL B REAT 73 AT PP A

The architecture utilized by the neural
network operated in two stages: first, it
detected high-level features, and then it

detected low-level attributes.

M2 AT T B 2R 0 AN B BL: B
o6, BRI R R, 2R ERICE
P

It evaluated the model’s capability to
recognize automobiles at various degrees of

input resolution.

EVHE TR AS F A 2 R R IR
BRI REST o

Results state that CNN is surprisingly

positive in the identification even with low

LERRY], RAMEAERIHERT, B
2 2% (CNND AEIRAIIRAE 7 TR AT
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resolution.

H P B R

Liu et al. demonstrated the least complex

approach for AVS by combining a

lightweight YOLO network.

XEE B4 AR 8% YOLO M %%,
JER T HEN S 2% (AVS) i faj s
B

The technique was applied to a dataset that
was created by themselves and, within 44.5

ms, achieved 90.38% precision.

ZHEAR N B TAATE S0 s A,
FRAE 445 Z2FP N SEEL T 90.38% 110
B

This could be a turning point for AVS, a
quicker and more precise solution for
diverse fields of vision and implementation

during the day or at night.

XA HE BB ARGt (AVS) HIF
I AN RS AL AL FH 2 3 B
Ry AR R T, BRRAERK
TR o

1.3.2 Rear-End Collision Avoidance

1.3.2 i [ lf 48 0

Collision negatively influences road safety

and the assurance for a safe ride.

ill 428 T A 2 2 AR 1% 22 47K T, I
HIl 55 2 24T B ORFRERE AT o

Wide and varied publications emphasize
extensively for proposing methods to reduce
collisions based on different approaches such
as collision avoidance, collision warning, and

collision risk assessment.

B TP AE B HE R T 5 R 52 L T
AN [R5 925 (D R F8 1) i Gl g N
ot Al e o AR AR RS DA

These algorithms were implemented in

vehicular ad hoc network.

MRS B I 2 8 B A 2R 2% S B
PRAEAL BB N o

In this paper, the authors proposed a collision

avoidance theory model.

FEARSCH, AR SR 1 — Rl A0 e 2
WA,

This model works by giving weights to the

inputs.

AR R Y o N 2 sl 2 IR LA s

DlThREBAE .

Certain characteristics like driver’s age,
visual power, mental health, and physical
health conditions are provided to the

algorithm.

—UBRHE, WA R R AR AL O
B REAN B AR fE BOIR DL, iR 4 B
2o
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The algorithm computes the weights for the
characteristics, processes the input, and
generates the output. Generally, the output is

always a warning.

SR SR IEROBUE, MBI RN, JFA
A . JEE DL, M AR

The implementation of the algorithm was
done in MATLAB, and the other platform of

implementation was Vissim.

ZEVER AL T MATLAB 4, A
—SEHISF 4N Vissim 3C 7 B .

The above paper was completely based on

human factors.

Enbi) o8 e oo aNE PR

Whereas the other model called collision
warning that was discussed by the authors
and weather

considers human factors

situations and timings.

AR W 0 53— AR R i
A, W RE T AERR. R
AN TR PR 3R

This algorithm highly focuses on the visual

power of humans and puts forth a

visuality-based warning system.

SR ORTE NS SERE ST, IF R
7 AT R S RS

The MATLAB software and PreScan

commercial software were used for testing

the visuality-based warning system.

MATLAB (Eiad i 5 5yE R TR
A FN PreScan 7 M A4 T IR T

IR E S R G

This system is accepted to provide better

performance than the other warning systems.

XE RGN HE AR T R Gtk fg
B

To prevent crashes, a Multi-Factor-Based

Road  Accident  Prevention  System

(MFBRAPS)was suggested.

RNTBIER @S, R T MR T 2
&= 18 &% F W Wb & 4
(MFBRAPS).

The implementation made use of MATLAB
and NetLogo. Based on a previous study,
the authors are retrieving new significant
elements that might aid collision avoidance

algorithms in a more efficient manner in

AT SEILE T MATLAB (B 4
S EEFF R TH) 5 NetLogo (£ £
G o SRR FT R
1 & 7 BT CAE 3R T T i ok i
B, X BB AT e AT 0 7 e T
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this work.

By fik SRk e

They added these fresh parameters to
MFBRAPS to improve the V2V collision

warning system.

AR X L SR N E T2 R &R
(38 B ST 248 (MFBRAPS) H1,
DL ST IFE 2 5%F ZE Al A T 22 4t

The suggested algorithm activates the i« V25 PR A S S 5 50X 56 A
various functions of the driver assistance | 3, R J5 ¥ 2 B4 B & 48 (1 2 Wi L))
system to control the speed and apply the | A8, MMl ZE 5 F izl . 2 sl R
brake after estimating the likelihood of an | 40 B2} & HUZHR .

accident. The alarm is produced as

necessary by the driver assistance system.

1.3.3 Traffic Signal and Sign Recognition

1.3.3 215 5 AR E 1R 5

The literature on traffic sign recognition is
very vast, and there are so many unsolved
questions yet to be addressed by researchers

from all over the world.

KT AR SR SCRARH 2, 047
IEZN PN EEE R SN 7R
bl

Traffic sign detection is indispensable in the
design of the autonomous vehicle, as the
signs communicate commands to the driver

in place to take appropriate actions.

AZEAR SR IAE H 30 B E BT
FEAN AT BRI, R IR 28 A 5 ) 25 38 6
feittg 4, UMERBUEH AT,

The results of traffic sign recognition using
the GTSRB dataset is shown in Figure 1.2.

A novel structure  named  Branch

Convolutional Neural Network(B-CNN) is
site visitors signal

now changed into

identification.

{8 ] GTSRB (2 [ A2t A i A ) FE D
KA 2 HEAT A8 A5 5 TR 1) 45 5 an 1
1.2 ius e —F44 05 SCE B 22 ) 4%
(B-CNND BT 8 285 1) ILAE A et F T

AL IR

A branch-output mechanism was introduced
to the architecture and inserted between the
pooling and convolutional layers to increase

the recognition along with the machine’s

N T BRI LA R AR 1, 122284
SINT A0 3L, JER A
FEHBALZ AR R Z 16, DA IR fg
Vap
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speed and accuracy.

The B-CNN-based technique performed
exceptionally well in complicated visual

settings .

BT SCERMA M 2% (B-CNN) I
ARAER 2% AL A B R BLARH

The LeNet-5 CNN architecture was used
to train the 16 varietal Korean traffic.
The practice set consisted of true

positives—25,000—and false positives—
78,000. Additionally, a convolutional

traffic light identification feature for AVS
based on Quicker R-CNN is appropriate
for traffic light identification as well as

categorization.

T LeNet-5 BRI A I8 B2, X
[E 16 B2z lbr EFAT ISR VISR
25,000 NEBAPEFEA CIERfARTER
ACHARED J 78,000 MBBHPEREA (5
A R/ DI (P DR E Bl =
(AVS), R H1 T —Fhde T et &Y Faster
R-CNN 22T IR 5 93 K05,
R IR 5 TR

They applied their method to a sizable
dataset called DriverU traffic light and got

an average precision of 92%.

AT AT T AR T — A% N
DriverU trafficlight [ 8 KE#a4E, H3R
187 92%H T HIHE L

However, restrictions on false positives will
be depreciated by using a strategy or an

RNN.

BRI XoF UReAR 14 IR F1) K A e 5 P s B
TEHME ML (RNND RFFK.

Traffic sign recognition based on the HSV
color model by the LeNet-5 architecture
with Adam optimizer was proposed and
tested with the German technology-based
traffic identification and yielded a median

accuracy of 99.75 with 5.4 ms per frame.

FeT HSV B 5 LeNet-5 444 1Y
AR ERA T, 1 Adam TLALAS
AT ISR, FHAE4EE GTSRB (German
Traffic Sign Recognition Benchmark ) %2
AR B AE B 58 sl e fr
AER AR IK 99.75%,  HMi Al BRI R4 Oy

5.4 ZFb,

Deep TLR traffic light recognition and

classification system are a real-time

vision-dependent, intricate, and very

BT IR FE 22 ) 885 5 AT R 5 4
K ARG (Deep TLR) & — 54
SEIF PR S ok Hove B AR A &R

(=

—_
=¥
&
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complex system that did not want positional | 4, H ¥ 1170 7 WAL B 15 S B [a] 35
information or temporal principles. Ji U

The GTSRB dataset served as the training | GTSRB ({5 [E %2 i b B IR Al JE 1) %4
set for majority of the deep learning | #&5EAF K 2 Bk 22 I B AR )11 4%
techniques. £

In the LetNet-5-based CNN on a|fE 2 T LeNet-5 15 B #if & W %%

self-created dataset with spatial threshold
segmentation using the HSV,the GTSRB
dataset scored the best for traffic sign
identification, despite a decline in
performance in a complicated environment

and the detection of separated signs.

(CNND H, KH HSV 7 8] B8 7 &1
() BRI AT 000, AR, R
EEE RN SO0 o B A8 il
Rl P AEFEVERE T %, GTSRB (fE[E
A bR IR B0 I UE ) H s S e AT
WHNES RIS T BRI

ERIVRAL0]

B &

Despite a drop-offact in a composite setting
and the apprehension of divided indications
on account of the submitted extent, the
GTSRB dataset  outperformed  the
LetNet-5-based CNN on a designed dataset
accompanying

geographical opening

separation adopting the HSV.

RETEG R P RGBT N, I H.
1T AT R AL YE L, 43 BRAs 2 1 1R A7
TEWME, {2 GTSRB HdEEA M T 5T
LeNet-5 [FAEFHHIZ M 4% (CNND f:21Y,
AR SR ] HSV HEAT M2 73 B 7 1]
VTR 4 R LT -

Despite relying on prelabeled data, the
YOLO method-based technique for traffic
light detection with recognition of interior
signs obtained the highest accuracy in the
shortest amount of time from the above

discussed.

RE W T Fbs %, 5T YOLO
TIE A RS SAT RO A, 8 R
WERFR &, 72 BRI R TR RS T s i
AERAYE, I LE B B TA) P 56 Ao

1.3.4 Lane Detection and Tracking

1.3.4 ZFERI 5 PR ER

Lane detection and tracking have been
considered as essential modules in a

complete autonomous vehicle system.

EIER I 5 ER B AN 5E 4 H Bh 2 3
RGP B
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In various literatures, it has been considered

as an important field of research in

autonomous vehicles, and many algorithms

have been proposed to solve the

encountered problems of lane detection and

tracking.

FERRISCHR A, ZRTEAI S BRI 3
2 Y U 1 LRI T R, V2 SR
S R T R R TE R 1 R R O R
A6 3] (14 il

It is an important module that solves the

perception  problems of autonomous

vehicles.

X — AN E B, T 332
2 1R SR ) A

In comparison with straight lane detection,
some literatures introduce curved road lane
detection

tracking as challenging and

important to avoid accidents.

S EL B MAR L, — 2ok 2%
% B ZE T A I 5 PR R AR S — TR A Bk
Gt HE BT, BEERZESF
o

Figure 1.3 and Figure 1.4 shows straight

lane line and curved lane line respectively.

K 1.3 A 1.4 05l o T B BLA:
T 2 Rl 25 08 B R 2

This paper categorized the lane detection

methods into  three as feature-based,

FAEIKZ

A R X)) R R LA B X 3 AR =K

model-based, and methods based on other

Ko [FI}, BIEPR [ MR s iE

BERIA

trending technologies and discussed a novel

HHE . A B SR AR O BN

curved road detection algorithm, where

the road images were initially divided into

ROI and the background.

JRCN B X 35 AN B B X R

The ROI has been further divided into linear

and curved portions.

]

EOGEIX IR (ROD #E— B3R 7 4k
(ERHIFA RIS

The proposed approach evolved as a series

of mathematical equations and Hough

transformation.

Pt th B 7 VI AR —
ANFE RAL

RIVEF TR

It has been concluded that the proposed

algorithm  effectively  identifies lane

I T4 R B, i i Sk RENE A 2L
W RIEIL S, JF 2 LU B 2 B G138
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boundaries and to be effective enough to

assist drivers, improving safety standards.

{(EPRPNITE ) lae of ) 8

This paper presented a lane detection and
tracking approach based on Gaussian sum

particle flter.

ARSCHR Y T Rl I e RO T D
4B R I 5 BRI TV

The proposed feature extraction approach in

this paper was based on the linear

propagation of boundary and lane points

while zooming in.

AR SCHE Y IR AE SR U VL R R I A
ANZETE m LA EAL 3, RIS 3EAT TROR Ak
H,

Three of algorithms wused for

types

tracking, namely, SIR particle filter,
Gaussian particle flter, and the used GSPF,
are compared, and it has been concluded
that GSPF outperforms the other two

widely used tracking algorithms.

1 3 0f B PR R AT 45 T =R 3 R
—SIR k. F ¥ WK
Importance Resampling) « & 78T

( Sampling

# (Gaussian Particle Filter) {4
GSPF (Gaussian Sum Particle Filter) ,

S 28 B3R B GSPF 7EMERE B2 E L
TRIP A2 N ) PR R B

This paper presented a survey of trends and

methods in road and lane detection,

highlighting the research gaps.

AR SR R A TE A I a5 Uk
BEAT T 4RE, E R TR R
Ho

Seven different  modalities, namely,
monocularvision, LiDAR, stereo imaging,
radar, vehicle dynamics, GPS, and GIS,
have been utilized for perception of roads

and lanes.

CRA R R HEOR T B, BV H AL
LiDAR (BOBFRIE) « SAREUR . ik,
B HHE) 715505 . GPS (&FREN R GD)
J GIS GBIEER RS , O TIE
5 2R3 R

The survey highlighted the gap in the

literature of perception problems of

multiple-lane roads and nonlinear lanes.

ZERR R T ROk T 2 RIEE
AL 2238 IR R T R AR AT 9 2 ik

Detection of lane split and merges has been

proposed as an unnoticed perception

I3 AN AR PR AR I A Dy — A 1o R A R
AR i) AL, TR REAEAS AR OR A5 21
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problem to be solved in the near future for
the development of fully autonomous
vehicles.

figt 1k
J&.

DLt 3t 52 45 H 325 i 240 1k

Lack of established benchmarks has also
been discussed as an important issue in order
to compare the currently efficient methods

in different scenarios.

B = O L S R Oy — A
[, DA AN [ 37 35 LA A AL
IOPIRFS

This compared the computer

paper
vision-based lane detection techniques with

sensor-based algorithms.

A SCR: T E AL GE 0 2R B AR U
ARG HE AR R I SR AT T A

The traditional modules in conventional
computer vision-based lane detection
algorithms as highlighted in the
survey are image preprocessing, feature
extraction, fitting the lane,and the

tracking module.

E I 25 52 2 B 4% Ge v LA 30 2 T
ZETE R I V5 1) A e A AL 9 U Tl
REER L RFAESE L R TE LA AR ER AR B

Popular edge detection operators such as

Canny, Sobel, Prewitt, Line detection
operators, and thresholding techniques have
been highlighted as the popularly used
feature extraction techniques based on the
assumptions in the structure, texture,and

color of the road.

Canny 5.1 Sobel 57 Prewitt 57+
2 BT R A 43 R A il
G T7vE, PIReHE TIE R4 M. &
W5 R RHESAT A BRI, A WA
TR I RHESR IR

The potential of deep learning for automatic

feature extraction and to learn the

environment with most variance conditions

has been highlighted.

WREES2>] (DL ££ B ShRr ks B 1
W77, A RAER Z B AT R 22
MIEHIRET), ORI

The survey also criticized the lack of

bench-marked  datasets and  standard

AV T 5 A R
A R SR 10 L
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evaluation metrics to test the efficiency of

the algorithms.

In this paper, the authors presented a
detailed survey of deep learning methods

used in lane detection.

R RS, AFETRIAE T IRE S
TR BRI A B R

The survey categorized the state-of-the art
methods into two based on the number of
modules as two-step and single-step
methods based on feature extraction and

post processing.

%R K R S R I T AR R A B &
I NPES s B TR AR FEEURN i A PR
SRR,

Classification, object detection, and

segmentation-based architectures have been

detailed as three of model

types

architectures used for lane detection.

AHFCTEAA T 7328 HARA ANk
o R, VRN 2R TE il i =
PR 2044

The paper also discussed the evaluation
metrics of different algorithms based on the
TuSimple dataset, which has been regarded

as the largest dataset for lane detection.

ETHE T A FSEE PR TR bR, X
%ﬁ%%%?ﬂ&mmﬁﬁ%%,ﬁ
B SR oA N A2 T s i 1 i ok
LCITE

Based on the analysis, the CNN-LSTM
(SegNet+) architecture has been reported to

have the highest accuracy of 97.3%.

FETF 4T, CNN-LSTM (SegNet+) 42
A 97.3%0) 5 = AL 2% .

The computational complexity of deep

TR EE 25 ST Cin A AR A 2 M 45 (CNND

learning models like CNN and RNN has

AEIAFHZE R 2% (RNND ) S FEAR

been emphasized as a disadvantage for

implementation on low-memory devices.

SEHL,

In this paper, the authors applied a new CNN

learning algorithm for lane detection,

namely, Extreme Learning Machine (ELM),

to reduce the training time,also by using a

FEARSCH, AR N T — Rl S AR
22/ 2% (CNND 52 2 ik —— R R~ >

HL CELM) H-TZE@EAei, @i A4
SN B EBEAT I 2, AT Zb T
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relatively smaller data-set for training.

Y SR 1]

The training time of the ELCNN has been
reported to be 800 times faster, and the
experimental  results  established that
incorporating ELM into CNN also increases
the performance of the model based on

accuracy.

PELI6 45, ELCNN (H: T AR R %>
WUIB R 2 R 28 I R L3R T T

800 1%, gk BL R BB B FR 22 2 ML
(ELLM) fli\ CNN Z28) )5, BRI
R RS AT e =

This paper emphasized an edge-cloud
computing-based CNN architecture for
lane detection,where the concepts of edge
computing and cloud computing have been
introduced to increase the data-processing

efficiency for real-time lane detection.

AR T MR TG-S ENE
22 I 2% CCNIND 2R - 22 A
K5I TG RN H A

DA i S IR 22 TE A (1 A AL BERICR

Their approach achieved fair accuracy than

other state-of-the art algorithms in
challenging scenarios of insufficient light,
shadow occlusion,missing lane line, and

curved lane line.

AT TR 5T, WA
B~ FASZIERS . R DR TE LA 2 4508
2, RILH P A et Bk B A (1 A
.

The accuracy achieved on normal road

conditions was 97.57, and all of the

evaluation metrics have been derived based

on the TuSimple data-set.

TEIEF TE B S, BT I HER 2R
97.57%, P A vFAti R 535 2E T TuSimple
HARESH .

In this the author proposed a

paper,
multiple-frame-based deep learning lane
detection architecture using CNN and RNN
to avoid the ambiguities that arise due to
detections based on a single frame in the

presence of shadow, occlusion of vehicles,

etc.

ASCAEF SR T — R T 2 i 7 i
BRI >] (DL ZiEZRba il 4244,
A EL B Z M 4% (CNND 51
MMM (RNND B FEDLL, AR
f o 1 IR A B 5 . TR A 5%

2% O IR AR ] 7L
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The continuous scene-based architecture has
CNN layers, where the multiple-frame
input-outputs constitute time series data that

are fed into the recurrent neural network.

B 7 SRR AR L B A B 22
2% (CNND =, Hrr 22 ANl A\ b
HE F S T PP BB IR A B 3 )
2

The CNN architecture acts as the encoder

decoder circuitry for reducing the size of the

input, and the LSTM architecture

determines the next scene, thus detecting the

lane.

BRHZ P 2% (CNND ZEK 1 Ny 2 i) it
(LR P S I o RANE AN N
LSTM ZER A T-#iE N — M5, M
11 S B 4GB A I o

The work laid a strong foundation for using
CNN-RNN architectures for detecting lanes

in challenging scenarios.

AT WSR3 b ak b ot e Ak 2
2% (CNN) FIERFL ML (RNN)D
BRR AT ZRIE ARG I BE 5 T IR S SR

It established the idea that the situations that
cannot be analyzed using a single-image
can be

input improved by using a

multiple-frame input architecture.

107 A e WSRO I B it B U
F ER Fa N BEAT 2 TR O, BT EAE
NI VPN AP SR Gri Iy €

In this the authors introduced

paper,
YOLO-based obstacle and lane detection
algorithms based on video inputs and

TuSimple datasets.

FEIZ IR CF T, fEE AN T AT YOLO
(R BRGNS0 SR FH AL
AF TuSimple ZidE4E .

The inverse perspective transform has been
used for constructing the bird’s-eye view of

the lane.

W03 IRAR 4 P T A S R 1 S A

The deep learning models are criticized for

their poor performance, and their

YOLO-based architecture achieved an

accuracy of 97.9% for lane detection within

a time span of 0.0021s.

B IR JRE A YR AL DR P SR R i 32

Vi, (AT YOLO BiEZM it
PR AR B JE A AT S5 sk L T

97.9% M) HE i 2, FR i b FH FE B AL
0.0021 .

This increased speed of processing has been

A PR T [ 4 T X SN B 3 B R
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claimed advantageous for implementation

in real-time autonomous vehicle scenarios.

1.3.5 Pedestrian Detection

1.3.5 47 NAa

One of the main vision-based issues for AVS
is accurately recognizing and localizing

pedestrians on road sin a variety of settings.

HE AL RG (AVS) Tl ) 20
7] 2 — FEAE % AR B HE R IR 5 A
SENLIE FE AT A

T

The study of vehicle autonomy aims at
increasing the accuracy in identifying and
localizing the pedestrians to prevent

fatalities.

B E EVETETUR B R RS R AT AR
ol A0 SE A B HERA I, DA LE B K S
KA.

Numerous studies have been successful in
lowering accident rates and developing a
more accurate and long-lasting approach to

autonomous driving technologies.

VP2 TR A 1 SO AR, I
VL RN SN SE T &5 %
2o

The approaches wused for pedestrian
detection can be broadly categorized into
two as those that use man-in-the-loop
feature extraction and deep

learning-based methods.

I FAT NAIN 1R T V5 R BT Ay 9
Fe MR T N TIRBURFAER “ AHL
PAE” ik, RS TR T
Tt

For pedestrian detection, a most sought
deep learning model is the convolutional
neural network,which has been used in

many studies to detect pedestrians.

TEAT NAGIN A, B FH IR i 2 S Y
THEFMA ML (CNN) , iR EE
Y25 A7 AR

In that way, a deep grid named
large-field-of-view(LFOV) was imported to
uniformly skim perplexing representations

of walkers .

A, ARSI —Fh R IR B Y
2% (LFOV-DG) Z2#y, SZHXATANE
FRAE A8 SV R AEHEHL

The submitted structure was created to

analyze and create categorization judgments

i DY A= Rea TR & I i
AT T2 DI 1) 2 S
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across a broad extent of neighborhoods

concurrently and efficiently.

The LFOV network can implicitly reuse
calculations since it analyzes enormous
regions at higher speed that are substantially

faster than those of standard deep networks.

KW AR E M2 (LFOV-DG) 1] LA
e A, RO DL ELRRAER FE M
&8 3, 35 B PR AT A BT B R X3

This pedestrian detection system
demonstrated a convincing performance for
practical application, taking 280ms per
image on GPU and having an average miss

rate of 35.85%.

AT N A 5 G0 A S bR B o I
o, fikEEERIEALEERS (GPU) L
AL BRI TA) Dy 280 280, ~FIIRAE N
35.85%.

For passersby discovery, a new CNN

structural version was proposed.

BERHAT NI, 2 T Mg s B
ZM 4 (CNN) S5 RS .

To annotate the positions of pedestrians in
the model, they used synthetic photographs
and transfer learningtogether with a
bounding box suggestion for an uncovered

region.

N T PR ERER AT NIAL B Al A3 H
T EREBRAMERE, S T RE
i XL AR

When crowded scenarios were taken into
account, it got a 26%lost count in the
CUHKO8 dataset and a 14% missing

proportion in the Caltech walker dataset.

2% R W s, e
CUHKO8 #(#i %5 FHIL T 26% 1
., {E Caltech 17 ANEHREE LI T
14% IR

The major benefit was that it did not need a
region proposal method and did not require

explicit detection during training.

275 AL R A 7 X
ik, WA EAEYIGhid 2 kAT 250
Rl

In this paper, the authors presented a detailed
survey of the state-of-the-art pedestrian
detection algorithms in the domain of

automobiles and safety.

FEARICH, FEE AN T i SEEAT M
ML AN 2 2 U PR T &
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The position of humans on the lane, pose,
color, environment, weather, texture, etc.,
increase the complexity of the pedestrian
detection problem, making the classical
template matching approach to be inefficient

for real-time detections.

T NGB EWALE . B, Pt 35
B RS SEESFREB N 147 A A
e R ) 2 A, (45 B AR AR L P 7
IRAE SIS AN AR RCR AR R .

The feature-based detection approach
requires man-in-the-loop feature extraction
methods, whereas deep learning models

self-learn features during training.

BRI AR EN LS 51
RFAE SR, 1R 5 2 SR AR AR I ZRid e
B B 5 TR

This has been highlighted as an advantage of
deep learning-based detection methods
where the models can achieve fair accuracy
with a huge training set; however, both the

approaches have been considered to be

implemented on par with each other.

RPN A EE T IR 52 ST A vk
Py, DR A a] DU P K 1 I 2k
LI s (HER 5 SR 1T, AR5 2k
BONAAESEDRER EAH BT

CNN has been regarded as the most widely

used algorithm for pedestrian detection.

BRZM LS (CNND BOAARAT A
I rp A B2 SR

Bounding box, missing rate, TP, TN, FP, FN,
False Positives per Window, AMR,and IoU
are regarded as the most commonly used

evaluation metrics.

WFHE ., JRAER . HIEF (TP . &
BB (TND R (FP)  H A
(FN) . & & 0P FH % (False
Positives per Window ) - “F#Jiz & &
(AMR) FIZZFLE (ToU) A& F )
RGEEL N

It has been concluded that accuracy and
cost are still a trade-off to be balanced in
pedestrian detection, as the robust solution
to this complex problem is yet to be

proposed more efficiently.

CAF S50, HERRIE A BCATEAT A A
AR T IR, RONIX— &
215 [0 L (R R A g R 7 5 1 R 2 M B v
EUDDIRF
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In this paper, the authors exemplified the
similarities between pedestrian detection
pipeline and object detection pipeline and

conducted experiments to optimize a

CNN-based  detection  pipeline for

pedestrian detection.

FEARSCH, AR 2B 1 A7 A IR

LERSEYIN S ol b el TN Eap £ (YR E R i

177 9256 DA AR 3 T 26 AR b 2 1 2%
(CNND [ ARSI 47 A Al

Sliding Window, Selective Search, and
LDCF algorithms have been tested for best
efficiency in the selection of candidate

regions.

BN E O, R R R A e
ERFE (LDCF) Bk giit, bLsk
I 2 SR P i ade X A 4

Selective Search has been concluded not

suitable, the Sliding Window approach

achieves Dbetter recall, and the LDCF

algorithm has been concluded as the best

region proposal algorithm.

s, LR RPN AEN,
BN OUESRBL A B, i
JfREAMRIEERAAE (LDCF) Hi%4
A f A A X IR B

Their approach has been evaluated based on
the Caltech-Pedestrian dataset using error

metrics such as MR and FPPI.

i AIT1¢ 77 % © £ T Caltech-Pedestrian
B R BAT VR4, R TRz AR

(MR) AMIEFMERATE# (FPPD S5
flifEhs .

The entire experiment has been tested on
the NVIDIA Jetson TK1, the most widely

used hardware in smart cars.

A 506 L7 NVIDIA Jetson TK1 # A
RFE Fr g, iz 522 6
TRAA N A ) 2 s

In this paper, the authors proposed a hybrid
approach by combining HOV, LUV, and CNN
cassifier, namely, the multi-layer-channel

feature framework.

A3, fEFRE MRS HOV (U7
B ETED LUV (BitasEa)D k&
BRMAMNE (CNND 2 R2SRETT
%, PR 2O £ R 2l TE R AEAE

.

It has been discussed that by eliminating the

overlapping windows, the cost of CNN has

SRS TR E A A, D2
b BRI 25 (CNND I THEL A
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been reduced.

The proposed approach has been evaluated

B4 H /) 77 v B AE Caltech KITTI

in the Caltech, KITTI, INRIA, | INRIA. TUD-Brussels 1 ETH %4 ££
TUD-Brussels, and ETH datasets. AT T PR
The performance of MCF has been | B T 5 St 7%, MCF (W E5 4

considered fair in comparison with the

state-of-the-art methods.

AR ED BIVEBERN N AL T 8 KT

In this paper, the authors proposed a feature

sharing-based  deep  neural  network
architecture for pedestrian detection, thereby
reducing the computational cost of feature

extraction during the model training phase.

FEASCH, AR SR T — PR TR AR,
SRR PEE AR 2 X 2% A T AT A AL
M/ T A5 R I 2B B AIE £ R
THE A

Feature sharing has been emphasized among
the different ConvNet-based detectors that

differ in their model window sizes.

EAFEFERETERMNE (ConvNet) HJ
Fgs 2 (8], sRAFAEIE S, H, X
LU I 23 A R 5 1K/ A BTN
[7]

INRIA and Caltech have been used for the
evaluation of their approach,and it has been
reported using four ConvNet detector units;

the time for detection decreased almost by

50%.

AW TR INRIA 5 Caltech $i4f 45t
T EREAT VL, S gt KR, it
HE NN BRMZ ML (ConvNet) 1
METE, HERR R AL 11T 50%.

In this paper, the authors criticized the slow

detection speed of conventional deep

learning algorithms and wused YOLO

architecture for pedestrian detection.

FEARSC R, AREHLVE VAR GER 2 S
TR IR g, IR T YOLO
IR HEATAT NAGL

The experiments have been trained using the
INRIA dataset and a few selected images
from PASCAL VOC.

SIS AE A INRIA %03 4 A1 . PASCAL
VOC B LK B 3T T U145

YOLOV2 has been concluded to have a

253 M, YOLOV2 550325 B s &
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higher detection speed than the presented

approach in the paper.

TASC R T

In this paper, the authors proposed a

two-modular pedestrian detection
architecture based on convolutional neural

networks.

FEARICH, R IR T — Rt TR
28 W 48 B SR BRAT A A 2844

In the region generation module, contrasting
to image pyramids,feature pyramids are
of different

used to capture features

resolutions.

FE DR R 5 R & T A
[E, {8 T RHE 4 7RI HEAN [ 4 9%
HPRFE o

The Modified ResNet-50 architecture has
been used as the background network of

both modules.

BXUE B ResNet-50 ZEF 48 FH AE P A5
P S 2%

The  deep  supervision-based  region

prediction module thus achieved a precision

score of 88.6% and an MR of 8.9%.

FE T 5 R B DX A 0 A e BR] ik
B T 88.6% K FE A1 8.9% IT) iR fi
(MR)

It has been concluded that a fair trade-off
balance has been achieved between real-time

predictions and accuracy.

ZEAR N, SIS TINS5 8 B 2 1) S 1
A H AT o

In this paper, the authors proposes a
convolutional neural network architecture

for real-time pedestrian detection tasks.

(EARSCI, (R T B P TSI 47
KT 5 0 T 22 0 4 2

The approach signified a light-weight
architecture for real-time detection and

warning to avoid accidents.

PN T R R, T S
R, U TR

A regression-based problem-solving
approach has been implemented in contrast
to the conventional classification modules to

increase the inference speed.

R HEP B, AW FER 4 T (R ]
(il iR R B RAL G o R, Sl T
R R R 2E SR T T
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Pruning and quantization techniques have
been highlighted as the model compression

techniques employed.

BI4% (Pruning) 5 &M (Quantization)
Fi ARANE % O Y R 246 7 1 B R
o

The observed inference speed was 35 frames
per second with a maP of 87% in the
hardware  for

specifically  designed

autonomous vehicles.

1E B B2 B IR L, S o 2 s
IEBEEFD 35 i, “FRFEEAME (maP)
N 87%

Hazy weather pedestrian detection has been
considered even more challenging than the

clear-day pedestrian detection.

BRI AR IR A g
T FLE AR

In this paper, the authors proposed a hazy
weather pedestrian detection framework
based on a modified YOLO architecture,

reducing cost, thereby improving accuracy.

FEACH, ARE IR T AT 2ot
YOLO 284 1% 55 KT N IIHESE
I PR RA, $Rm T AERTE.

The contributions made in the research work
also include a hazy weather pedestrian

detection dataset.

B T AR RS AL T — A B 6
RAAT KA S

They present three YOLO-based detection
models, namely, Simple-YOLO, Vgg Priori
boxes-YOLO, and MNPrioriboxes-YOLO.

Wt S 7 =MET YOLO I HAR
Rl AL, 43 504: Simple-YOLO-
VGG JEHHE-YOLO (Vgg Priori
boxes-YOLO) 5% RJESERHME-YOLO
(MNPrioriboxes-YOLO)

The MNPrioriboxes-YOLO that uses

depth-wise convolutions based on the
MobileNetV2 architecture has the least
number of parameters among all of the

other methods.

Z RERIGHE-YOLO (MNPrioriboxes-
YOLO) 7K H 3T MobileNetV?2 22
IR FE AR, BB EETa ik

b

It has been concluded that the strategies

employed reduced the number of

W FER T, BRI SR s 7 28001
o, MBS 7 SRR T i 1
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parameters, thereby decreasing the running

time of the algorithm.

In this paper, the authors presented an
approach to pedestrian detection in nighttime
scenarios using multi spectral images based

on CNN.

R, (FE R T M TE
BMZRIZE (CNND AT AT %,
B R 8] 37 5 R 2206 R AT
il

The authors studied different image fusion

and CNN fusion methods.

TEE WL T AN A B R Al & A AR
ZM4 (CNN) RlE k.

The pixel-level image fusion technique has
been considered superior to CNN fusion

methods.

BRYEBEE BRI T ER
MZ ML (CNND filiG 757

All  of the experimental conclusions

presented in the research work were based on

the KAIST multi spectral database.

W 78 A TP 3 H B BT A S2 56 45 18 1 3t
T KAIST £ 650 .

In this paper, the authors considered the

multi spectral approach to pedestrian
detection as a solution to solve challenges
encountered in cases of detection in poor

illumination,occlusion, etc.

FEARSCH, AR R 2 e ik 47
NI, AF R AR E I 251 0
TSI B e R A R T S

The R-FCN-based detector has been used,
and information on both the color and
thermal images is fused using a network in

the network model.

PN I ) I Sl A A o . 2 G [
(R-FCN) IR &%, FEam i i 2% fi 4y
IR E T NG B G S Rk

5 BEATR S .

Their approach evaluated based on the
KAIST dataset revealed that the proposed
approach has better performance than the
other state-of-the-art methods implemented

for multi spectral images.

3+ KAIST 2 61 Bl 8 1 Vil &
W, AT TR T iR VR e B AT
oAb S T 2 061 BRI SE SR Ty
*o
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1.4 Datasets in the Literature of Autonomous

Vehicles.

1.4 B 3l 2 B 4 9 A0 1) AR 2% STk 2k
EES

Datasets contain advanced and to a certain

extent upgraded information in many
scholarly studies by benefiting to solve

legitimate-experience models of issues.

HAREAVT Z PR AP A T it

H—e R el T HmE L, mid#
I g R S o 1) LAY 22 B A R 4% 1 A

e

They enable quantitative analysis of

methods, revealing important information

about their strengths and weaknesses.

HR SR T IR E BT, 4R LAt
B B A

The performance of algorithms must be
ensured on real-world datasets. Algorithms
instance, must deal with

used, for

complicated objects and settings while
contending with difficult environmental

factors like direct illumination, shadows,

and rain.

BRI M I A JRUAE S R 0 4 B
RIRAIE. a0, Pl Skn I he
g AL A SRR ORI 5t TR LK
LURER DI G SR - IR S =R QB N
K

This section surveys the current datasets

used in the literature of autonomous

vehicles.

ARTTERIR T H B0 B AR A 5 3k
it FH B Hdla 2k

1.4.1 Stereo and 3D Reconstruction

1.4.1 ARG S = 4 H g

To evaluate the effectiveness of stereo
matching algorithms, the Middle bury stereo
was developed in 2002 that created the

Middle bury Multi-View Stereo(MVS).

o AN UN G- PRI Sl
Middlebury SZARKHRE £ T- 2002 01 2,
bt 5 & & N Middlebury £ #1550 57 fA
(MVS) HHfEse.

Being only two scenes in size, the

benchmark was crucial in the development

of MVS methods.In comparison, 124

diverse scenarios were captured in a

controlled laboratory environment.

REZEENEEWA 5, HEXZ
MROLAR (MVS) TR R 7
REEAFH - AHELZN, RS =3
B R B RN 1 124 2
FEAL 5%
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Light scans from each camera position are
combined to create reference data, and the
resulting scans are extremely dense, with an

average of 13.4 million points per scan.

MEEAS SRR ML B DR E 635 4 2t
WAL G UIE RS 5, Frisdiitss
FEHEEE, THRBREAMBEEZ 1340
JI Ko

The whole 360-degree model for 44
sceneries were created by rotating and
scanning in contrast to the datasets so far.
High-resolution data were captured. DSLR
images and synced stereo videos in various
interior and outdoor settings were also

included.

AL L A, BEX 44 AN I

SEREM 360 LR, S HIEEM
(BN S T G SN IR T
P 0 K B SRR DL AE 25 b
= A A SR 85 R (R 2 S5 ) 1 32 AR AL
W

With the use of a reliable procedure, all

images can be registered wusing a

high-precision laser scanner.

WL AT SRR, BT B AT LAod
o b B A AT RO o

The evaluation of a thorough 3D | JHid &2 FFRIEF, RN SIS 4 H 1
reconstruction is made possible by | 3D H TG

high-resolution photographs.

1.4.2 Optical Flow 1.4.2 St

The mobility concept in Al has a huge

capability and wupgrades the working
efficiency by collecting enormous amount of
data, and norms will direct the system to the
output platform; thereby, it meets the goal

of vehicle autonomy.

NTA G s E# s BA BRI
e 77, B SR KR H R TT AR
K, K53 R ENR T 5 N
[[ESKE L SE RARER 7

A toothbrush is used to track concealed
fluorescent presence on the objects in all
non-fixed sequences to decide the base

reality progress.

KHVRFERFER] GEEF R X4
PR 2R I B il 2 ' bn e 24T AR [ € 17 41
R, PAA e S e S AL R

The dataset is made up of eight distinct

ZRAEEE )\ FF RSN K B

67




AR N e VA

sequences with a frame count of 8 each.

Fra s 8 i

For each sequence, a pair receives the

ground truth flow.

TR, W B
iRA T

Contrary to other datasets,the Middle bury
dataset offers extremely accurate and deep
ground truth, which enables the evaluation

of sub-pixel precision.

5 HAWEIEEATE, Middlebury £iHE4E
POt T ARH RS 0 VRN B S, X
13 RE VAL WAR R RIS L

Accurate reference data are generated by
monitoring pixels over extensively sampled
space-time volumes using high-speed video

cameras.

LA SR ALAE T2 A B
AR MG R, £ T RS
s

N

With this technique,optical flow ground
truth may be automatically acquired in

difficult everyday settings,and realistic

elements like motion blur can be added to
under  various

compare  approaches

circumstances.

IR, G A IS AE AT LA
SR H A H SR G F BT
IINBLSEICER, Wsshiih, DMEAEA
[F) 5 0 T EEREAN R 5 2

1.4.3 Recognition and Segmentation of

Objects

1.4.3 WK ER 7 5 4%

The Microsoft COCO dataset was

introduced in 2014 for object detection.

A COCO FHEET 2014 FHEH, H
TP pAas il .

They offer visual representations with

intricate  scenarios with typical items

established in their normal surroundings.

EANPAE TR SR, s
TAEH A R WY R E

The count of situations by means of division
for Microsoft COCO is indeed above in
consideration of the PASCAL VOC target

separation standard.

K COCO HHa 45 3 T 40 215 55 1) 5
B9 E T PASCAL VOC ) H b5 #
PRyt

The dataset contains 328k photographs, 2.5

ZHIR A 32.8 HikIE . 250 Fi4
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million commented details, and 91 object

classes.

TERAS EA 91 MRS

In a significant crowd, all objects have

per-instance segmentations tagged on them.

FE—NESENEE, BT YRR X

HIRES B o FIRR 2 o

The intersection-over-union measure 1S
employed for evaluation, much like PASCAL

VOC.

PEAG IR HZZ I (Intersection-over-
Union, IoU) &, 5 PASCAL VOC
B EE bR — 2L

1.4.4 Tracking Datasets

1.4.4 PREFHE S

Multi-object tracking benchmarks consists of

14 difficult video sequences shot in

unrestricted contexts with both stationary

and moving cameras.

% HbrEREASEMERE SR 005 14 S R XE
HIREA 8], X8 e HIAEAN 52 PR (24
Birban i, BRI s k.

The trio groups were annotated: moving or
stationary walkers, humans who are not
standing up straight,and others. They assess
well-known

the approaches using two

tracking  standards, = MOTA—Multiple
Object Tracking Accuracy, and the other one is

MOTP—Multiple Object Tracking Precision.

SO RFEAT TR B EGEH AT
N REGE AT N AR AR, AbAT]
8 FH P A 32 44 1) BREE A v SR VP il X
Jitk: MOTA (£ HAREREAAERGZD A0
MOTP (£ HAREREAFGEE) o

1.4.5 Datasets for Aerial Images

1.4.5 iS5 4

Data from air sensors for the detection of

[ Pl & 58 f& 2 (ISPRS) HEHEN

urban objects as well as the reconstruction

LRI s 5 S M0 ] FEL R

and segmentation of 3D buildings were
indicated by the ISPRS benchmark.

ik, JIFEEE, PRI,

It is made up of the Vaihingen and Downtown

Toronto databases.

‘B Vaihingen 1 Downtown Toronto %1
I 2

The scene in a road setup is the object classes
taken into account in the object detection

process.

T8 ¢ v B 37 SR ) R R
5 MRS o
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Three locations with different object classes
and sizable road detection test methods are

available in the Vaihingen dataset.

Vaihingen #4424t 7 =MAF AL
B Wi A FE YRS AR AL TE i
R A7

There are two smaller sections for building
reconstruction and object extraction, similar

to Vaihingen.

5 Vaihingen Z51L, ZEIREH LA MW
ANENEE Sy F TR S E @A R AR
By,

1.4.6 Sensor Synchronization Datasets

1.4.6 1 Ik [7 20 Bt 52

A camera’s sync connects different levels and

angles of photographs.

FHALE [ 20 T AN [ S R A 5 1)
Fio

The exposure trigger time is represented by
the time stamp of the image, and the full
rotation of the current LiDAR frame is

represented by the time stamp of the LIDAR

g 't fioh i) ey LR PR B TR 7, 24
HTBOGTE IS (LIDARD M) 56 52 ig i H
WOCTRIE AT A I TR R o

scan.
This method typically produces good data
alignment since the camera's sync is
instantaneous.

ZITRIEH B AR R B X 5
AP R 7 RIS 1) o

0

1.5 Current Industry Standards in AV

1.5 2407 B s B 3T AR iE

Innovative technologies like AVs come with
risks and consequences that could reduce

society’s acceptance.

B ES AR (AVs) XFERIEIHTH
ARAEBEE AT A B AR AL 2 125 52 5 1 XU
GUSE S

These risks include those related to the
environment, market, society, organizations,
politics, and

economy, technology,

turbulence.

REEMF OIS, T, e A
2. BUAR @b BORMBZ AKX

v

The examination of 86 documents produced

by 29 leading AV technology firms

summarizes the industry standards.

% 29 FATE I 1 B B A 2 7
AR 10 86 43 S0 FE 0 H A AL T AT Ak A
.

The main topic of this essay is a

TR S F R BOR KU, E X
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technological risk that is defined as

potential adverse social, economic, and

physical effects linked to individuals’

worries  about  utilizing  cutting-edge

technologies.

NEA N 2R 3 57 AR (R HHALAH ¢
IS EAFIRE 2. ST AYIEL R .

The consequence is that since no single
framework can adequately account for the
wide range of potential machine decisional
applications, we should not try to create a
generic “one size fits all” model of artificial

intelligence application.

HERE, hTRA B IIHESERE S 78
H I AE ) A RLES LSRN, AT

s —NEH R IR AL
VG EiCE

R
g

AVs are related to five different categories

of technological risk: security, privacy,
cyber-security, liability, and industry impact.
Governments must implement new policies
and laws to resolve the risks connected with
AVs to guarantee the society with benefits as
much as possible from the developing AV

sector.

B EWIRE (AVs) 5 TAhAE LY
BRI : A th. FAL . M4
A SUEAUTNLEANT o BUR 20 205K i
BB AEE, DS B sh B R
EAH IR RS, AT AT B DR AL 2 AN
H A BB EATI R A P 32t

According to estimates, human error is to
blame for at least 90% of automobile

collisions.

RAEAL T, 20 90% MR AR 2 A
NRIRGEM

By surpassing drivers (humans) in

perception, decision-making, and execution,

AV  adoption potentially reduces or
eliminates the main cause of auto
accidents.

ML FEIREN | PRI BAT 77 TH] e 2
N, B BIRG R A
BE IR/ B BRYR AR MO T 25U

'ﬂ

According to authors Collingwood and

Litman, very less drivers use seat belts and

HRHE Collingwood A1 Litman A 7T, %
BB G F 22 Ay, AT N AT RE A
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pedestrians may become less cautious as a

result of feeling safer.

NIGE B 2 AT ARAF AT A /N

This means that a non-linear relational
model of classification notions must be
constructed and that the technology must be
accepted at face value to appropriately

frame each unique choice situation.

R AR AR R R
IR, JF HEoR 2 2/ F HL T =
SRR, DI IS 2 HAE 58 B — ARy
IOprRES IR

Additionally, the absence of human mistakes
does not imply the absence of mechanical

CITOT.

BEAE, SR Z NN IR I AR AL
P PR o

The possibility of scientific weaknesses
risking vehicle security hikes in addition to

the ramification of telecommunications.

Bz b 10 99 5URT BE 2 8GN 42 A0 2 4
Bz, I Hd n] e R HLAE AU 5 2R o

The catastrophic Tesla automatic steering

2016 4, Fpriv Han BB RS G H [

system accident in 2016 emphasizes the

FMEVE L 12 H R | HAFRORALE

obstructions of components’ skill in order to

JH = 4y T AR BE  E R T CATD

avoid accidents and discovered the

Xt O R RS HA IR 2

vagueness of the developed arrangement

understanding.

Concerns are raised about how “crash
algorithms” should be used to program AVs

to react in the event of inevitable accidents.

AT R 4 55957 e 6 AN 7 s
FHOR LI g R B B2 BT 1 R
FEH 7M.

Rules to control AVs responses to moral
standards are necessary because the harm
produced by AVs in accidents cannot be
subjectively assessed due to the“absence of

responsibility.”

BT “BZ R X1, B
PR F R 3 R 15 3 JEVE B LR
il DAL LA A 1) U A5 1) E 2 725
BT E TR AR AE 1 S

The overall tone of the AV reports examined

for this study is predominantly favorable.

AW FU R A B 302 B R
BEARIL A T2 BRI
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However, this finding must be taken in the
context of the fact that these reports are

prepared for a  specific of

group

stakeholders, including investors,

consumers, and regulatory bodies.

SR, X — RIBLAL G & LN SR G
T2 IX AR T 2 DR E A AR T HE 2
M, WAERETE . HAE A E L.

The AV industry papers make numerous
references to ethical dilemmas, even though
deficient in the definiteness and insight of

the descriptions in the experimental essay.

B TE SEIG 18 SC A I8 i = B A
FIVREE, B30TV SRk R TR 2
BB HE N 45

It manifests that prevalent reliability,

sustainability, comfort, human listening,
control, and scrutinizing, as well as the
science-policy relationship, are the ethical
issues that

were handled by most

organizations, with safety and

cyber-security coming in second.

KR, K2 BH A PG 2 )
A AT EEYE . ATRREEE . EFIETE.

N, FEdlmn i, LR 5
KR ZR, HUGE 2 MM L2 4,

1.6 Challenges and Opportunities in AV

1.6 HBVELRZAE (AV) [l Rk AT
PLi&

Without a doubt, the driverless car has many
benefits, such as providing a means of
transportation for people who cannot drive

and reducing the driver’s stress on roads.

ZLEER, BAEWIRERAF 2
b, B0 JEE 2 Bk ) N R A T
H, IR B 5 s BT

However, in addition to these positive

outcomes, numerous  obstacles  were

encountered and they have to addressed to

implement a successful AV model.

BRI, BR T IXEERIR A R A, s
LI 2 A TRV IS ey
S — A RS ) B B AR A

The subsequent are few of the predominant

difficulties alongside driverless jeeps:

LA 25 Bah B SR AR 2
LR

1.6.1 Cost

1.6.1 A
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Numerous automakers had to invest a
significant sum of money in constructing

these autonomous vehicles.

2R ERIEHARARANKRED &
S| i 1 L6 ) B2 Bk A

One can use Google as an example, which
pays about $80,000 for one of its AV models,
making it completely out of reach for the

average person or business.

AN, HoA— 3K B B2 R A A
A2 80,000 3270, XX T A
B ARV R A2 5E 4 TV AR 2 I

This price is expected to decrease by half in
the future, which is still more affordable,

according to projections.

ARAEFM,  ARASKX — WA TR
SN, RN E Bt .

According to a recent JD Power survey,
37% of consumers say they will select an
autonomous vehicle as their next vehicle in

the future.

MR AE F¢ T — T JD Power THEY, 37%)
HHRF RN, AR RSIEHRE W ES)
BRI T — 4.

1.6.2 Security Concerns

1.6.2 %24 ] i

The largest problem with electronic systems

is usually security and privacy.

HL 28 G 1A B K ) i A 22 A A

BEUAL i)

The Al system that autonomous vehicles are
based on needs Internet connection to
manage and transmit information, making it

a vulnerable medium that hackers can exploit.

B 302 B R P R I N R e R 4
i 2 LI O B AR S, X
FEASE BN — A 5 R A e

Gl

The second main worry is the possibility of
terrorist action, where the autonomous car
platform could provide a convenient location

for them to execute their self-murder duty.

5 A R EAEA R B  2 7 AT BEA
H 27 2 3R T S E N AT B AR PEAE
55 INESES T o

Moreover, the jeeps depend on GPS
schemes; anybody can operate them for

malicious purposes by gaining access to them.

BEAk, X EH B BT GPS
ARG AT NAR AT LA 2R T R PR
R B H .

1.6.3 Standards and Regulations

1.6.3 FrifE 50
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There are some rules and regulations that
must be established before autonomous

vehicles can be used.

1E H B R AN H 2 7, A
S S RN R

Not only the owner of these vehicles but
also the automakers using this technology
must formally adopt and strictly adhere to

these criteria.

AMGEIXE A &, (X3
AR G ) 3 7 0 20 E TR O
RIS X LEBRE

The United States has proposed the following
laws and guidelines that include Nevada (NRS
482.A and NAC 482.A) and California
(CalVeh.Code Division 16.6).

FKECOFEH LA, SN
A M (NRS482.A F1 NAC482.A) Fijn
Flt@ e W (CalVeh.Code 55 16.6 &) .

1.7 Conclusion

1.7 énl«b

This chapter highlighted the research flows
and issues related to artificial intelligence in
autonomous cars, elaborating on the history

of autonomous vehicles.

AEELITE T 5EIEIREFA
TR R TR AN A AL, ik T
SRk SRRV 4T

SVM is identified as the ML algorithm that
has been given significant importance for the
development of classification models in AV

literature.

SRR EHL (SVMD #IN N2 B3
B SR AR A 73 SR T T A L AT LB
EOMPLER A S 5

Other than SVM, mostly deep learning
algorithms such as CNN, R-CNN, and
YOLO architectures are utilized for all of

the object recognition and classification jobs.

BT SCERENL (SVM) 24k, KE
R B2 ) B2, B AR el 4 N 2%
(CNND . X B2 [ 2% (R-CNN)D
1 YOLO 4EH, #Shi H T B i ik

The performance of the model highly
depends upon the quality of data.

Deep learning algorithms require huge

datasets to achieve fair accuracy.

BRI S ke HKE B SE A fE
& BB TR I 45
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KITTI, KAIST, COCO, PASCAL VOC,
GTSRB, INRIA,and TuSimple are some of
the bench marked datasets observed to be

widely used in the survey.

KITTI.KAIST. COCO~PASCAL VOC+
GTSRB. INRIA Al TuSimple #&7Eiff
ARz A ) — S A R4

In the AV pipeline activities, machine

learning-based algorithms demand the

man-in-the-loop feature extraction method;

hence, deep learning has been suggested as

fEHBZN AL (AV) mEESH, T
MEFANBEETFE “N TS5
(man-in-the-loop) FAEHEH 7 V2
I, BEUCKEIR 5 SR N B I I B AT

the better alternative. E
However, due to the computational | #ATM, HHTIRE IR THEE A
complexity of the deep learning models, | 14, BEAIAE & SLHf 52 .

they are not suitable for real-time

implementation.

The literature on Al in AV profoundly
suggests the design of both less costly and
more accurate design models solving the

problems of AV pipeline activities.

KTHIMERER (AV) FNTLHEAE
(I SCHRIAR N 2 BCE T B N e A EL 5 v
FARIRATY, DU O E 2025 B 2R A RE i
Bl 1] L

For object detection and recognition

activities, YOLO replaced the traditional

convolutional architectures.

FEDD ARG TN AR
TSGR

BUES A, YOLO B1X
¥

For edge-based implementations, in a few

research papers, edge-compatible

light-weight convolutional architectures are
proposed such as

using techniques

depth-wise separable convolutions.

T IAGH) LD T, — LR TR P2
7 AL G R R ICEIRA, R
TIRE W] BRRERR

Lack of proper and bench marked datasets
for the comparison of the state-of-the-art
algorithms has been reported in a few

literatures.

£SOk R k= 0d 2 Heead
FEAEN SR BE 5, DAEX B etk i 55
IEIEAT UL
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Several studies also suggested that the
performance of the algorithms may not be
the same in all of the datasets; hence,
without proper comparison based on
datasets, the efficiency of the algorithms

cannot be concluded.

VW TTIER Y], FRHRILAT REAEA
FIECESE BT AN R, aREa
T AR BE S LU, RS
IRACR 45 .

The modules described in the Al pipeline,
for example, pedestrian detection, has been
regarded not only in the literature of AV but
also in other domains of research where there

are necessities to identify humans.

N e IR i sk (Bl AT A
R, Bl NI, AMUAE E 2D 2
BOCHRAF2 1 i, B HAl 7 2R
ZIPNET e ek CELINETIIe

The literature of Al in autonomous vehicle
can be concluded as the booming field of
research with more and more focus laid on
the development of self-driving cars, ADAS,

etc.

5 20 25 B 2 v N TR B STk AT DA
A —ANER R R FL AU, ok
(AP Rl = Rk SR/ O
ADAS (FREIH RS FHITK
ol

With the advancements of cloud computing,
edge computing, and the swiftly refined
designs of edge-compatible GPU, the
research in AV promises advanced outcomes

in the future.

W& i E WS EEED, kS
DG FRAE BT S (GPUD Wit
IR I, 32 B AR AR 1 BT FUAE
ARAKA BT L SEHE R

T RILGER 7> ol ISR e B %41
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