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ABSTRACT: Considering safety characteristics of heavy—duty vehicles such as large blind spots,
high reaction requirements and short braking time, the development courses of heavy—duty vehicle
ADAS technologies and the current coverage of ADAS technologies were reviewed. First, envi-
ronment sensing technologies of heavy—duty vehicle ADAS, including target detection technolo-
gies based on vision—like images, radar—like point clouds and multimodal fusion were discussed
respectively. Second, the localization and orientation technology of heavy—duty vehicle ADAS,

encompassing the construction of local high—precision maps and the research of multimodal fusion

localization and orientation scheme were described. Finally, the trend of further development of

ADAS technologies for heavy—duty vehicles were predicted.

KEYWORDS: weapons science and technology; ADAS; heavy-duty vehicle; environment

sensing; localization and orientation

S 4 B 2 488 (Advanced Driving Assis—
tance System, ADAS) f8ME—F 4L T 2 4
A0 A R AT R 1 R ST I AT B N 43 A SN A R &R
Bt , AT R B RN R R A T AR
i U A B g AE 2 R RE, AR AT Rk
(22 PRI ET G PEY o B A G H I R R R e
& RE, ADAS B2k B N RaAT i fa ks

W HE. 2024-03-26

ToUE RN B4 A 2 2 TR0 E KR R 4
2014 4%, EFR AL TR ESGH T A 25
BEARMW S BRI E, R4 [,
Wb 4B A S B A L1~L3 By B (9 ADAS, 14,
ADASHE R B sh 2 3 AR ) S ath, SR H 2 2k
o8 5 B S 1 BN BT AT B K L2~ 14 R 4 1 b
Be, JHriFZ Bl Bh B s oine G an R )

E—EE. kER (1966—), F, #HZ, FENFRGTEREGRIEM S SN AR . E-mail: zhangzl@126. com

SIAMER. KEH, BUEE, Ak, & EREWNSREMI RGN TG L], KR TR RE0R, 2024, 38 (3): 94-103, 110.



20244 SR, e T S ) RGBSR %
5. BENEMEER RS 3 CaLHIE H, SESIEMMIA A G I L T AL 2
Iz VAR . Hof, Oshkosh 24 7] TerraMax A1 BA 1%

R AN R TR A, AR B R AE R4
Wit bR T s f A R MG . AT E
fE55 MR A . R MIAR )z, W
BB VOB R TR A ORURR b 4 A
HAMREE XK . RO ZOR & il 3l 55 4
M, e, HeZ e oR I B BRI B
A F S SRR K e, A A G
Bh 2 BT o F g B0E AR 2022 4F, 22
BRES . AN ER N B S A A i (Ol
B A B BIME) iR I, R R
MR M A B T A A S S T, e
MG Rt S DR EML RERE-G, X
Jo s T % 35 A R 2 Bk DR AT oo R R AT S M
BRI, BRI ADAS B AR B LA R0 1
P RSN AT, R S AR AR
EPIETE. XUE, EWNSMFRET KR, EEN
AR PR | E AL 1 Bl ) AR 2
AU HAT, BRI AH ADAS SiR B EEA AT
L1~12 908 AE A1 4240 19 48 7= K, HLIEAE
HEPE L3~1L4 2% A 3 2 3L RERALTT %

A SCLRR T H R A ADAS AR B R R DT
IFHE RIS T ADAS W58 P B9 3R 52 B H R Fl E
B A

1 "RRAE

ADAS Hl H Zh 2 B R 09 K AR KRR B 5
PSR ST R B B A 1983 4%, 35 [ H B
= PWF 5 i R/ (Defense Advanced Research
Projects Ageney, DARPA) S5EER4EAE, &
# T A BB 48 (Autonomous Land Vehicle,
ALV) 1%, 1985 5 H ke 40 & 2, (HIH A
1A B FN TSR AIL 42 AR I R 85 W 45 FH JC N HiL Tl
- il R R o 1988 4 DARPA IE 3 45 T
ALVIRH, HHNFEEMTRITT T R,

2004 4, DARPA Jy fif g 4275 4 th 1 o A\ 2
O A ER R R, & T DARPA $k i PE . SRR
SREHOAUE T NG A EWR AR, A
VPR E S, IR AP 4 R AT SE AR IR ER , 7E 10
h P S B R 2O M BAAL R E . B4R 15 LS 38 U
AR 5 RE LA 58 AT 55, (HIX A R M 51 % 1 i 5
TR ST A DL #E o 2005 4F DARPA k1% 5%

TR MTVR B AR 4 MK-23 (Anf&l 1 s ) 3k
B R AW RS, Z 3T AR
Tl 2 B 58 SR KOG o A2 I, o =
PR FE AT PR T T 2007 4E AT, JFEIRS
FEARE AT P A7 2@ AL, FETE A ) A
TEHABHLES N o 2R N BEME R R 2 1Y Boss . M
AR K 2% 1Y Junior . 9 35 J& 22 T2 K 2% ) Odin /K
UORAFTT =4 o 7RSI L3, ADAS FIH 3%
WHEARMEARGEIE C B, FEILRB S .
(1D BB HAT R (2 T HOLH A
(Light Detection and Ranging, LiDAR) . #%f%k .
ZEOK U T IR G AR RS MR RN E D (3D 4
A 4 Bk L & 45 (Global Positioning System,
GPS) . SZHF 3 & & (Real Time Kinematic,
RTK) . P % M & . 5C  (Inertial Measurement
Unit, IMU) % T HBA @R (High-defi-
nition Map, HD map) i ; (4) it & LA
BB MBS, TEEAEW S
SRS, R ERZRR AL, ERRES] . 4B
Bl A0 20 3 45 0 TR = AT Bl 2 ADAS
HORAW T AT I H] T E AL 4240

~—80.8 ~184.0 (g

(2) FHE (b) ]
Bl MK2IEWMELEEREN (Bl ER)H"
Fig. 1 Brief construction of the MK-23 vehicle platform
(Unit: foot)"

Google 7E 2009 4F & 37 1 H 2 2 B 50 5 &
Google X, FFT20144E5 H LA T 4idash 4 A o)
BRI —— Kk, P2 RS IR T
KM, K&, mH . FHEE5A
KN WFI Tesla, Uber, A . NVIDIA 4 & B
23 H) . Oshkosh 5 364207 S AR RAL AR FI 2250 H 22
BURRBESE, 2014 4R 3645 A o 2 Bl 7R 3
M-ATV %, 2023 4F, oToBrite #E 1} H 4 5k B 3%
JHF TR 25— 1Kk ADAS £ 54t oToGuard, W
DERELHE S GFERYSE . BEEERGE MW
T RGE LR ADAS JiiE .



96 DS R YN

038 B 3

E W HAT T EA L ADASERBEGY . £i
S AR L e £ AMETR . CCD R ML AR
TRHa) o 10 2B Y 0l B 2 B R R e, AT AN
PN X e g R SR o R e R TP
A 75 I IR A O A% R ok R UL % A Rl R 8
B BURAE B . 1 DeepWay . R&ERAT. &N
FHEG . AR S L PR S A R EU) TR
LA N2 B R A AR

Haj, FAZEH ADAS H AR EEE A
EWgNTH . BT T ANE R WA s
DU, FEA G AT, KSR 55 e
K, s gl 55 F b EEE, Jo N R R g
BAAT 30 AT LR B FEA M B Y. £ E Oto R4
2 EIT 20164 10 A 52 R 13— IEA R 4z ki
BT ¥, Waymo, Tesla, Volvo %2y Al AR 7E L
WA LN R ET . 2023 4, KargoBot /2 A
BT =R AN RRIREG I R Y A0y A
A ADAS 7% (KargoOne), 1E A K% 4% iz 1)
IR A T AL, 20 X ITC N 4k, »
X3 5 AH X T B, mIAILER AR RO, R R 42
W ADAS 7] DL A H BAE . /MR BB 2 WG
NAHREFELBREMEG, BIKMREE. F
FRPER ARG ER R BT, HEE S aE TR
KA . Jb 3PN FTRE 2P = KNS KX . FEH
HRAStE i, Haj4E AT 400 Z 5 5 7 225
TEWS AT R Az 8 s Mk, F 20 M T K
WL BRI . ET TSR O, W T R

~ EFEAA I (Around View Monitoring, AVM)
ZiEAR LR (Traffic Sign Recognition, TSR)

B B4 5358 (Reversing Condition Assist, RCA)

ARG RATRA . JC N FE R 22 45 1R 4
fAL,

KIEE4L, ADASIRREK, BT B Al
REAFBR KPR . K4l GB/T 39263—2020 (iE
PR eI B RS (ADAS)  Rifi KE
SCY MR TR DI RE A SEEL X B, ADAS AT LAy
GRETBI MR A B R, WRERFEE . B
GRS . BRI S A, HER
LA 2 Fis o

M2 A%, ADAS EZAE P4 S5 HE )
W EWSE . FWSEHREN L E 3
FEE . Hoh, RS R 38 B A
B ADAS BRI FERIE . SRHEEMERFRRNE, T
SCEF X v ) B S A AR N A ) A AR LA
JETFULEA .

2 IMERAEEIR

PRSI AR AT LA ADAS 482 0 5 1 5 B
Snh, o A2 AE 0% T I 0 R SRR R o 10 ] R B
NI A 2805 T 25 35 1) 8 R AL K P o SRR BT R
e ADAS W A FehlbE . WE R AL, Hhi
FEME H AR AR . RGE A RGN, H
PRAG I 2 AR T 43 Jy 3 LS G . TR
M T 2B A 32,

2.1 EFMLEEGE B ARG A
FE T A0 28 R 0 H b A 0 4 AR 7E R 43 26

Rl TR ?EE%AWJJ (Forward Distance Monitoring, FDM)
i (A1l 7% (Forward Collision Warming, FCW )

HI /5288 % {747 (Front Crossing Traffic Alert, FCTA) Jg f"ﬂﬂ?_ﬁiﬁﬂ (Rear Collision Warning, RCW )
JE 73 A% ATHR (Rear Crossing Traffic Alert, RCTA)  ZFIE{RE % (Lane Departure Warnimg, LDW)

ARTE Rl F% (Lane Changing Warning, LCW)

A | g YRR R (Driver Attention Monitoring, DAM) HIX M (Blind Spot Detection, BSD)

1 ZE TP A P% (Door Open Warning, DOW)

BT 2mgd bS5 HSI (Driver Fatigue Monitoring, DFM)

I TH & DX i ide Bling ot Detection,
MEF X MM (Side Blind Spot Detection, SBSD)
e mH X MM (Steering Blind Spot Detection, STBSD)

% K| ww (Night Vision, NV) T HeREA2EE (Intelligent Speed Limit Information, ISLI)
piid $43&7% (Head-up Display, HUD) BREFR M (Intelligent Speed Limit Control, ISLC)

% LI E U (Curve Speed Warning, CSW)

% — TRHAT RSB (Maneuvering Aid for Low Speed Operation, MALSO)

B . - . ;

/%3 ~HZE 25) (Advanced Emergency Braking, AEB) % REVHZE 4L (Intelligent Parking Assist, IPA)

% | BRHI3h4ES) (Emergency Braking Assist, EBA) sCIEMIEAI) (Traffic Jam Assist, TJAD

%IJ K2 RN (Emergency Steering Assist, ESA)
= 46 R (Lane Keeping Assist, LKA)

52 ZigE ¥l (Lane Centering Control, LCC)

7~ | BRI (Lane Departure Prevention, LDP)
138 MG ATTE R (Adaptive Cruise Control, ACC)

| masaiEmE (Automatio Emergency Steering, AES) P[Ii}ﬁ??%fﬁ[@‘ﬁi%’ﬁ% ( Anti-maloperation for Accelerator Pedal : AMAP)
5 M4 (Alcohol Interlock, AIL)

FiG ML AT (Adaptive Driving Beam, ADB)

38 Y /Y RAAT (Adaptive Front Light, AFL)

4T 3 B AR ) (Full Speed Range Adaptive Cruise Control, FSRA)

B2 ADAS4ZM
Fig.2 Categorization of ADAS """



2024 4

SRGGF, AR HE A O L B R S LR A 97

MR B e, B AR R R B AR 4
IR E eI E . I, X 2R B ARR AR 55
AT LAY HB T, T EEXT H A i 07 B A5 Bk
ITHER E AL AR I ) A S R . 7R R P
Az R AE B EURAAE I A8 43 28 4 i Ak HE
A2, 5 i FOAE [0 5 SRR B A H AR 7 B
1 58 1 R AE 42 U A 7 ) B B 7 B (Histo—
gram of Oriented Gradient, HOG) "  JUEER4E
¥ AE A% # (Scale — Invariant Feature Transform,
SIFT) " 5[] P fig % i fie. (Oriented FAST
and Rotated BRIEF, ORB) " J& # = {f # &
(Local Binary Pattern, LBP) "4 {HiX #7753k
MR R . AEREIEAE R LA SO OG IR . H A
FRBE R i AR A UER X Se gk S BRI T BT R
ey TN . Yao S TS B AR B bR A I AT
feh, SIFT F kMR8 &, 1l ORB 57 3% It
O S B B o AR B8 T B R B gl M AT oK

Bl & 2012 4F 47 Jie U8 B 1% 45 FR A 28 ) 245 A3 A4l
AlexNet" " fiy8 Kk, TREE 2% 2] 7 646 B AR I b AS
Wriig s mt, s et R, BEr, PUE
JE 27 ) g B B bR RS DU A 2 43 Sy B B A
B (One stage) . M FrBBERL (Two stage) %k
T Transformer PRI 3 Fp % ik, HEE KR
THLLUNIE 3 FR

One stage 15 1 B H20 B A &5 i 51 21 B bR 0y
WFHEFNZE G, HEREAREEAL, EZELLYOLO
(You Only Look Once) . SSD (Single Shot
Multibox Detector) . RetinaNet %5 & 1 S € 5% |
Two stage BRI & Se Az L — A e 2B DX I, SR J5 %

4 (
YOLO2(2017) /

A X B AT 3 2SR FEAE IRl H R R
RERERS ., FEZLARCNN R R DI 4 B
2 M 2% (Regions with Convolutional Neural Net-
work, RCNN) . Fast RCNN, Faster RCNN) |
SPPNet (Spatial Pyramid Pooling in Deep Co-
nvolutional Networks) AN . T IR E
2 )T B ARG ) 1) T R A 2 O TRk
ik A T M2 2477 1", One stage il Two
stage Z [A) (1 X 3] 2 2R IR T AL G AN TR . 2
W 4% 485 b [l A KR I, B 5 AT A R ek T
28R B R H bR A A R A ER L Bl AN, Y
Faster RCNN #Y & T R 25K H VGG16 (LI 16
JZM) B, MR AL PR B AT 5 Wi/s, 1Yy
KRN 3% 48 T 48R T ZFNet (RS 7)2
P2 I, AT b B R R 22 B E 17 s,
RS 40KE BE T B3 62% . Ht, A7 T
G B A5 A I 4 AR ) — AN A2 0 [ 2 AN fe] )
A AR A D R AR SR R 2% T AR 4
THZMHFNRERME ML, W AFF-
Net™ | PACNet™ fil MobileViT"®" 4, X b #{f
it — 2L AgT

UG Z A ARSI Ty i X A E b 2 TR Y B AR
HEAT T #2408, 1B #) Transformer ™ B R A4 4 ]
FHTE ST HLEI R B AR SO R AT IREE M.
EEJIHLE AT LS Bl AR Y 250G 1 R v i) B X
3 2k % B A [ DX 2 ) Y 06 R AT AR T
TR PR B OC F, DA A DUOKG B R0 B L[]
A [T HAR AL, 3 = AL AT DL AT R
B A A BRI Z R, R ET

YOLOVS8 (2023)

SSD-Det (2023)
Pren

Wu, 35

SURF (2006) Reting{Net
(Bay, %) YOLO g™ - ) ARSL
’ '(Redmon, )} (Liu, 25 Efﬁmel}l{tNet v2 (Liu, %)
HOG (Dalal, et al) EES (Tian, 25) [ R ]
2015 2016 2018 2021 2023

3 / A]CXNC’tr ____________ /DETR— ““““ \
; (Alex, %) ! Transformer 1 Relaﬁoget:\(Nicolas, %)i CMT

’\(Ashishzf@),' (Sun;, ) \pe0as T

1994 2004 2005 2012 2017 2018 2020 _____ 2023
SPPNet ' \(/iT-FR%(%\IN )
LgmE (He, % (\Bealis) o=
. S 2015 2018 2020 [ PR B ]
. st e < "\ Cascade R-CN
S RETIRES)E RCNN ' N
ST (Girshick, 25) | \(Cai. )
R-FCN Grid R-CNN Plus
Faster RCNN (2016)

3 ETURMBGRURAZRESR

Fig. 3 Development route of vision-based target detection techniques
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Tab. 1

Sensor configurations of new self-driving models from domestic and foreign companies
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