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Scenario Description Language of Autonomous Driving Embedded with Road Network Graph
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Abstract: The development of deep learning technology has driven the rapid progress of autonomous driving. While the accuracy of
perception models based on deep learning is gradually improved, hidden dangers related to robustness and reliability still exist. Therefore,

tests should be conducted thoroughly under various scenes to ensure acceptable security levels. Scene-based simulation testing is crucial in
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autonomous driving technology. One key challenge is to describe and generate diversified simulation testing scenes. Scenario description
languages can describe autonomous driving scenes and instantiate the scenes in virtual environments to obtain simulation data. However,
most existing scenario description languages cannot provide high-level abstractions and descriptions of the road structure of the scene. This
study presents a road network property graph to represent the abstracted entities and their relations within a road network. It also
introduces SceneRoad, a language specifically designed to provide concise and expressive descriptions of the road structure in a scene.
SceneRoad can build a road network feature query graph based on the described road structure features of a scene. Thus, the problem of
searching the road structures in the road network is abstracted as a subgraph matching one on the property graph, which can be solved by
the VF2 algorithm. Additionally, SceneRoad is incorporated as an extension into the Scenic scenario description language. With this
extended language, a diverse set of static scenes are employed to build a simulation dataset. Statistical analysis of the dataset indicates the
wide variety of scenes that have been generated. The results of training and testing various perception models on both real and simulated
datasets show that the model’s performance on the two datasets is positively correlated, which shows that the model’s evaluation on the
simulated dataset aligns with its performance in real scenes. This is significant for perception model evaluation and research on improving
the model’s robustness and safety.

Key words: autonomous driving; deep learning; simulation testing; scenario description language; subgraph matching

H3h 2 3 24 (automated driving system, ADS) /2 L& &A1 EAL. PRIRFFEHIN & 24807 240, F LA X B
TR B AT Il . BEAE IR B 2 ST AN LA Re U DO % e, 18 82 BB RIS B 0, JRBE 4 17 ¥ 1
N HBYBE. 28010, ADS fE5T7E AR . Rkl BBty B e 55 2 2 THERIE A AN D> )l T B,
H A2 A A R BTG Bz —.

BRI BE A BB B R AR 2 A, BER O AR T 2SR ) 1) B BRAR i, 41 1SO 26262:2011/2018 ThREZ 44
HEU. ISO/PAS 21448:2019 T T fig 22 4 krvfE ™, LI A ISO/SAE 21434:2021 45135 K22 4 k5P b, ISO/PAS

K. EHEFIB TR 4 AN XL CaE e s (Al DALY 5 (A2)s RIAZ A5 (A3) Al
KA A5 (A4). SOTIF [ Hbr 2 B K AT I/ A2/A3. X A2, T B 45 A AR AN 52 35 51355 10 A3 AR BET,
BT AR BNV AR R IR G WAL, A3 & ADS 24 AU 11 12 R YR, ok e U=k oA
CLELAL TP, S4Bk 1 32 372 42 TT R Ak 1) .

IEB i, 25t I 5 VA TE ADS IRFFCR LA 52 B O OCTE. SR, 14 458 1 5 1 I I R A2 1 it A
W e o, HEA —E fake b, X AEA5 AT 30005 TN ARE0 TIE 7= A2 R S G, 7 S0 08 i #4322 4 SC Hi b o0t
ADS K EVERAT AVEN, Be A 048 LB AR 5T R A, BT R A, V52 B ah 2 3 Sk Al 2 7E B
BT ADS BT T2 RINER. 511, Google Waymo [H 37 42 4 CL4 7D St SRS IR B A A7 3 ) L AR
1t 320 {2 Tk M.

5 SRR HE R B A B TT A LA RS s fiad 5 28 A5 G BOR . 78 07 S48 U7 T, ARV TTI8 B 30 2 B 0 S48
4 CARLAP!, AirSim'™'%. CARLA B2 5T LIS TT A, REMG LI E TN A )2 By 5t 5 A B0 a A
L, CARLA #if3 B35 AR IEAR P, MM . ZEMRAT AR BRI, DR R A [T 1) APT #5545 11, Bl sk
TRA0 L FE ¥ 37 s G RN SR (R 48 ) RN A2 B, A5 RIS AU A4S 2R 5 ) V2 N H . 723 SofiiR 5 4 7 1,
IREHEMA Scenic A TE = LK ASAM Ph4s KA1 1) OpenX 41 [ 525 34 FLATE, Wk A XML KR (1)
OpenDRIVE # [ #iiA ™ . OpenSCENARIO 337544 P Ulbrich %5 A\ UKt 540 A A3 5¢ (Scene) FIBh#
5 (Scenario). Scene K/ M ATIAEE . SR K H A R IR, T Scenario MZR /R H#JUR Scene FFURTI— R 51 BE S
25 JEARAKIY) Scenes. Scenic F A 1 22 W (1 37 SR SD A3 SR TSRS 2 15 5 (DSL)! !, SAVEA
A SR E XA A BE IR S s h A BEARBE I (M S IS AT 0. B S T 545 FLEs I 7o o i, g isean sk
T 1% DSL 245 £ 5 (W1 Python) HIRHRE, P I {7 SUARSE HIHE 1R DT 60 137 5eadb AT 5249040, DT 5 2825 g
FLIRIE T 1) AR 37 5 S48, OpenSCENARIO R A RAEAT JC 05 S037 S HiR B, A5 I AR 5t AR iR,

H A0 B SR 32 B ADS MR AR (R IR, 11 o S8 e S v IR o A 20 U2, 5 B0 B e 4R (i A o
B I BP0 SUAR IR SR B, RT3 TR S IS AR Y R 1 2 FEA I IR AN DA . AR YE Scholtes &5
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N S35 6 JARRIEL (6LM), SEEE I3 SRR 5 e 0 S R AT m b s . 0S5 R B 284k
GIEIME FRBERAFFIECE R 6 N2k B PG iR DLEO s b i ZE50 AT NSRBI A E . 3
DA IR B 3R 2 s R (R G, & Scenic 55 H 1T 2 2075t fiR 8 5 T0EENT 6LM R8-S 2 I HRREA T 7 40 4
A, R T g S0 % D () e 5 A IS

ASCEIR T 0 5e il B2 R R, 3 IR T — M 508 6 1) DSL, #%0 SceneRoad, K H A& il 2
Scenic HEHhJ; HE—PHh, TEY SR S5 Scenic FALAIZ SCRFEILFE, B2 M35t AR i e Dt 26, £ #1J& Scenic
A2 B3 55 T AN 5 TN A S 3 s s AT VR AL, 055 PR A= 1R 32 53¢ I8 20 1 1k R0 47 B 500 4R i i, DA LG
ADS R FIR AT AR B R 37 s i DL R B S35 e ) R B

A EZTTHR AR

(1) Wil BB IR 75 5 SceneRoad, B 3ET— MK 2 19 LUE M B R OR 1 5 W . SceneRoad LA fAj v AT 13211
J5 AR 55 R Y S A DA R SR 2 TR DG 2R, 21T RER B 53 A%l i S5 M 1 355t

(2) SceneRoad ¥4 7 14 P H 48 22 4138 1437 55 T8 B RFAE 1) ) 84k 5 Ay i T P41 1) 7 P D E [r) RO VIF2 sk
filt. MR L5 R, SceneRoad 7E CARLA 1/ SL28 A [7] M ] HR sk IR 28 DG FC I F 1 T~ 33 i (7134 S = R0 4.

(3) ¥ SceneRoad 1 2 #1 & 4E 1 3] Scenic ¥ 5t iR TEF, JEL I T 75 CARLA BEHUL 2% H A= i3 5 DL A 3R I
07 LA A I 1] P10 3 S Rl A OK B B S, R AR 4000 350 (TR I BRI BEE AR i
TSR L A S R I S U AR R ZE A RNAT N S A DR G v i 1 43 A DA R oy A S, TE T AE R SR I 2
FEPE.

(4) %I MMDetection HEZ2 It 10 AN RS 7E BLSE AN 07 ZUECR A b AT VN5 DA% SE6 2 B, gl peop
TEPIAN BB L IRORS S R I 52 E AR DG, 33X 38 B AR 011 17 B0 550908 4 55 50 T 1) L S 0 R L A AR B PE, B2 1) S04
A RIS R A A ELE NS H .

1 HXITIESEM

AT EEANA A NE WG FA RIS Z R E UL IE FR I A 3025 37 5 iR s 5.
1.1 HENAEHRER

W S G2 ORI T 20 o Bk 5. B, shakdn i S wilE 1 iR, Dhigssm s LR R I T7
TG 5 AR . ) SOR AR A M G0N B 558 MR s, b SRS it i 250 HL. 2406 H
AR AR AR 2 . B SR G SIS HAGE R, A BRI S R A ) 5 0 S, A S —
A BARIE.

BoIE 7 b=
Hikg5t

R ERFTE R BRI DY, KA AT }
C

ar on ego.lane, ahead of ego by Range (40, 50) m J

Car on ego.lane, ahead of ego by 45 m }

[
{
{
1 AR SR K 3% SR bl
1.2 HRERIES

ASAM HZHLFNM & R G AR & et L) 2 AT IR T E brbs b & 2 —, IR I B
K [H— ZF k51 OpenX (OpenDRIVE, OpenSCENARIO %) B2 4 8k K T AR WFE RN LL M2 3842 B
H1. OpenSCENARIO {f ] XML i 75 & % 5, 11l OpenSCENARIO2 W4 % 1t 1 DSL. i fl DSL [ s & fie
AR U b 3 TR0 R s AT A4S AE, A% T8 F A2 715 5 (general program language) 555G T4 jn) fL A &, o6 Hw]
B JF B DSL #1413 5 5 07 2038 (0 4 35 S0 G, 33K A 743 486 34 11 3% 5T LLAE AN 1] (¥ 1 P00 8 5% v Ja
OpenSCENARIO2 A, & ik 3% 5 1) DSL [ 5888 8 LA K e X3 55k . B st Y Salohsa 20 1) 52 4k o 728
FIEATHE S R BRI A0 26 R IR XS SRR EE % SRBE, AT30. MBI JE
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G ATARIRAE. H R ARE CRA A TT RAT R IERR (PRC), A (K14 264 H At AE AT A, Gt (Bosch)
i) YASE!,

Scenic [FJFf &3 5e AU 15 S, WTHEIA A 8) 2 03758, Scenic Bk T [F] OpenSCENARIO2 —#£5¢ X T i & i
RSN, B R T CARLA %522 Bl B3 A 7 182 11 DL SRR 15 5 B4 PR 3R 43, 1T LUK 37 S Jifads i Ak A
BT AT ARRY. A% T OpenSCENARIO2, W15 2 FizR, Scenic SEHL T I 5% 45k 2 4 2 1 2007 B 28 - sehilfb g5
HAF BN L HAR 56 8IS TR Scenic MIERIE X AAG F W IHAY RRIAGR ), BB N E . W, ERSZA
£ FE SN 3 SR AR 23 [ 43 AR AR 3611k, ARSCIE$E Scenic 1/E A RIAFEAA R TR, FIH CARLA 1/ FA%
P28 S5 437 5 TR BT SR AN HE.

D Scenic D o
Bl B — &
Scenic K Bk 5c UiERE seE

ik 5

Bl 2 Scenic 7E ity 5t R FL AR 1L 72

1.3 Scenic HREAETHNEEHE

Scenic [ CoRMER g FETE 5 (PPL)!, & ST 3 AL 1) 3 A 38 1 40 A KRE 2B L A 3% 5% Scenic K¢
KGRI S FE AR R A ANTEVE AL I AT (specifier), XYL UL BIFFELEE at, on, left/right of, ahead of 2547, & A1 2%
i), LA facing, facing toward/away %5 & [a) A1 G (1), A5 58 SO G JE 2 1) with Ui A FF, 1% 26350 I 7557 7] LATE QX %
IEAT RAG A4

Kl 3 J87R T —> Scenic st ik i F o til, Horh ego H78 B 5 4290, AN 55 AR I il #FH 28 ego JETT.
BRI DL T, A5 0 2R 5000 2 0 7 Bl o g AT 3 X8 9 IR B LT % |, Scenic & T 4% Range, Uniform,
Normal &5 2 PP (1 43410, B2 7 (04 RAT #2523 A0 SRR A3 31— A B ARIE, AT SESK8 4837 5L sl h
AN EAEY 5. B 4 JB7R T Scenic H1E SCH—LEA R Ui A 155 DL AT DCERERT (operators) HI7n B H. fEBix 46
specifiers Fl operators, Scenic BEW A 4 H 2 FEIH S 52, Require 20 FH T X A2 i iR 7 sl AT 16 48, B4R
FURZI . Scenic R4 45 H I LY RN SRAE 5 AE BRIV B A4 37 50 A F0 R A5 75 4R 78 225K, Scenic iGN & T —4%
FEARLR, HFHIW7 50 BTG A BRI, X T AT & AR5, Scenic 2 HAME RMIZ =%
7, ARG R Gy S AT TR

Point beyond P by (-2, 1)

/ :
lf"““xzx /P offset by (0, 2)
“'-.fl B
__,z‘_“_h_‘“\, .IIP \
f/ ‘ -_;---1—»- -
[ ; 5
1 ego = Car ApparentheadmgofPlf Pe—
2 dis = Range(2,3) i &"ObjectbchindeyZ
3  car = Car left of ego by dis, . S 01
. . . Left ofego &4 )
4 facing roadDirection, )
5 with color CarColor(1l, @, 0) P"i““”‘f*f)‘rby(l’z)
6 require distance to intersection > 50 back right of ego — i (1, 2) relative to ego
3 Scenic At E K] 4 Scenic F5E XIIFBS specifiers F operators
Y Scenic SEIL T ER AT S P AEIAT NGB AR A A AT HR, SR I 5 6 ERABIRURE, Bk

ob e HA 37 55 2 U R G R, 5 ) T IE A 7E Scenic b, 3 5HE R AT LS ¥) OpenDRIVE
1% U 0 K. Scenic 72 LT filter o M 104 v 48 HI AR T8 it 1A T 3k DO 22 . S 7 AR A HA T 5 4O TR A 1R B
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WA AT 3, AN T 00 e D S A R P o T ik 22 A3 B S Ak DA R AN ) T Bt S A A L 2 [0 7Y 240 SRR 4
KA A, FET 1, ATCRE SCT P i Jas 1 PRS2 1 5 o0 e s 5, T CLANBILAT 8% 10 Bl b S A RO F A
S 0 M P (TR i T, At I P DA i, e vt T — iR S 6 ) DSL, SB35 K A HA.

2 EMEHERIS SceneRoad 155 1%t

2.1 ERMEIEE

OpenDRIVE #3725 3 {5 BN F BT 7 (M ER A BE M9, i i 238 a8 X 2%, B LA XML SCHEA-ikiE
5 00 TUART T DR LA B 55 i i 19X S8 RO AR DCARRAIE, T ZE T R b o 55 T S8 A7 it 8% P s 1) XML SO U A, AL E
A A SCER T —Fhad F ) LA P 1 D B i 0 B ks 2K, AHAL T OpenDRIVE S5 i W it o 20, ISR AT
DA T 2 7 25 0 (1 D 254, T o B AR 40 A7 Ak B2 () I PR BRY BAG AR v P 05 P, W ARV s I R B
Y RIS 2 7 6 19 PRI AR A XA A T DA (50 b S i DX PR S, Aol 5 i DX A Y B A i IR AN BRI AR A PR i I B35 5 DA
P2l R 2k o F) 7 (R B T R S 3R 0] AN [ A% Xkt BT (R 4, [T 4 5 {8 DSL (M9 R AIE L. 18] 5 J R T 25 Al
IRHLH] AR T R, T S W1 OpenDRIVE 45 1R 8% W S AT AE AT, SR 5 b - g S i i 0 v Sicqe L Ja vk
R Z TR ZR R PR B, T LA 099 P14 D S e v 37 s B ik DSL.

EX 1. B EE. JBEEDE—A A 2 HIE, B AN TSR0 & 2 A X, AR AR
H LT B PR SN 5, AR PIASAS R LA TRAE TR K 2R

TES 2. WSRO0 SR R T AN 0 B8 Hh SR B A5 S I A A I 2l Sl A SO S5 I T 5 4 1)
NG R IR. BF I T S AA G 12 5 A 1) &P e ek A

TE X 3. I 100 5] Bt ) ] i T D O 50 e ) B ) S A ARSI A 2 T [ O 2 P 2 e ) i 2 s 1Y, R s v 1]
R, B REAN T RO I 4t G % 0 T ) — A B D S A, B X S ) R D RN N A R R AN R T A T

ARSI ) H s (1) - 2R A5 B B 4 SR SEAE, 235l %58 (lane). [A] 1M 42384 (group). 1B ¥ (road)
KAE U (junction), XAV 21 % B R 4 FHOR [ 288 8 MR 0705 AL BB SEAK S5 T OpenDRIVE MU H 11
<road> JC %, W — M H AN WM K, ZEEX R T <road>H ) T JC F<lane>, AT IE S P mHED). 4RiE
YRR TETE B W] — 7 ) (1 A 2R T A J ) B A, B ) IR TE B — AN ZETE 2, L) PR B A PR AN A8 4, X T
<road>JT % 11 ¥ It FE<left> Fl<right>. T HA & — AN ELZ N EB IR ETE. A2 X 1152% OpenDRIVE #iu 1)
<junction> JLE, A& X L1 3 4 B0 22 1 B AH 2R (1) b 5, JHL P 358 Eh e AN [R) 0 B V) 3 4218 % (connecting road) 41
B, i 6 .

.t left ‘.
11 : Lane , length = 58
N = 12 : Lane
— g 'O/b — ri : ;aad, ane_direction = True
11. = rl
@ @ 11.7aFt = 12
w0 mpem 2 pgy
5 B RR AL A A Rt 6 OpenDRIVE A8 X i#% H H )38 i 2 1

o Bt W IR (1Y s B PEAIOG AR AR W I, RS R AT E— (K] id, AN [RISRIBL PR 20 04T 2% 168 1 () i 8. )
T, GE BRI R R S AR TR B R AR AR R AR AT S 1 I T R LA R
EERAL SR T R AR SR A FIES TR SCERINT 4 S M SR By Jm A

R 1 R AP IR A5 TSR (1R 5 D0 S AR ) (R A O AR XSG AR T LAY PR R R R &R, W%
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T TR GG, MR T 8 B, — S TE R AL T A X ORI R R, flid TRk
D Ry AN R 4. BEIEAN B AL AT 5 R R SEAR, T sl 28 il LSO i (1 O 2, HOX Pl
AU AR (pre) AUE 4k (suce) KPR IC R, S Re i 0 p SLAGETE DR X R LG AR, AR 1,
BEIE R EAR AT IR BN TE R A, B KA (A SR R A R AT, BT 4B TR AL G B el R AL X
B A I A TE R AT IR, MEAROC R AT T 4Rl 2 1] R 22 A R R DA S AR TE AL [ FRARR R AR SEAR T AR R ARl
A 2%, DSL SR AL 5 3 2 (2R AR R B % (M3 OB B S5,

R BMET R RR

FeRLM ok Source %! Target 7
. e b e Lane Lane | Group | Road | Junction
4 2 % X PR R =
pre ST T AR A Group Group | Road | Junction
suce N Lane Lane | Group | Road | Ju.nctlon
Group Group | Road | Junction
left WY T A S ) (1 2 0 7 T Lane Lane
right 4TI TS 5 ) R A 07 T Lane Lane
group PRI T I PR E Al Lane Group
opposite 55 U R ZE T AT i ) T B B A 7 ) ) ZE T 4 Group Group
o Lane Road
road JIT )8 (1) 3 Group Road
Road Junction
junction B i AE X i 1 Lane Junction
Group Junction

o JLT itk o [ F) i s AR AR AL T I I, P A R LA B R 3 S 1 ) R A T AN BRI 1) L
P ] T AR — A P T e RS 22 10 V5000 P . D P R 37 S5 008 B e i 5 7 0 1 v 40 22 A I A 1) T 4 3R
[P 8 TR 0 1 3 4D R I A S Dy 5 D) ] — A A e PR A A A v IS, A 7 % I e 8 R A AR TR B D 1)
AT LA G ok — A 15 R 1 P D . ) 2.

EX 4. THEIFM. 452K G=(V.E) MK H = (Vy,Ey). TEIFEIRE G T2 ETFERG =V, ENHG 5 H
[, =5 S8 Vil < IV RIRSRAEAE U £ 673 (u,v) € Ey 2 HACH (F), f(0) € E7, Herbru, v o H AT A,
F@), fO) N G HIAY AL

TE XS, B RHIE T 1. B O REAE A0 R 56 T F - A0 1) 3 550 s R A A S 1 Je 1k 11, B FH P i ok
(1245 P09 S A, AR SR 2 TRIIR G &R

TS T ISR AR 2 E 0BG RUE S B G=(V,E) T, V R THAES, E hiaif%Es. TE
G’ = (V',E") R AE#.3 (monomorphism), WHRAT V'l VT4, H EN EH S V iESHELNESH—AT
£ AEN RTINS 2 5, T LIS A VE2USSE i Bk 0 B v i 745 FR A 11 7

TEN 6. 8% T FEIUCHCL. AT, B GO Ik MG 6 0 H5cdis e et 5 00 i 090 P Pl DS AR B D 4 3R 1)
TH PR A S R 2 R A 25 [ A ST i) T R ISR & 7R 8 G R 3485 8 /ISR TR RS G

FH T 2% P T 0 5 ) o A 2 o S g 35 A i 2 Pl e 45 44, AT I /e 7 I DT FC A AT DL B A R 4 VIF2 450925,
VF2 Sy —FhIe TR AL 26 48 R A 03] (backtracking search) (1)1~ PIVCEC S, £EFIEUCHCIEFE AR, RS s X

AR USRS M (s), M(s) XU M GE L4 T f) B— AT B3 E SRR I AOIRES s N ATA R
VCECAE S P(S) T HIUCEC RS p 2750 /2 vl AT R (feasibility rules), X2 1K p = (n,m), 3et0 n, m 23 HIFR A

AL 15 SCRTATHE RO, BITRT 4 VE2 S04 97 80300 DG R, 0% 1 oS BRUCRERY VE2 SERE R, 5 X
FTAFHERIUKE7E SceneRoad Bt itk 5 ik,
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&% 1. Match(s): VF2 for searching road.

HNCIRAS s, H g XAl 47PN customFeasibilityRules; XTI UEARES 5o M(so)=2;
B % 0 P X R AE £ A P R DT B ML

IF M(s) % a5 218l H " #4715 510 THEN
IR [F] M(s)
ELSE
WA HPRE FRIEILACAE S P(S)
FOR p in P(S) DO
IF customFeasibilityRules(p) is True THEN
s'=sup
CALL Match(s")
END IF
END FOR
PRAF 2T Hs
END IF

2.2 SceneRoad A TE & AT 5L

JET 0 PR ABE 2R, A SRl 8 Qe 3 7 {8 (14 ) Sl B DO R A A V1 ok et B st B 4138 DSL, B SceneRoad, H:
A2 O A8 T AR 3R — A 6 194 S A DA S Qi 43R > S A4 TR OG 3R FRATTKS SceneRoad 283 Scenic Y, JEH# i
SRS A5, 58, T SceneRoad T 5 iR 17 ¢ (138 B8 45 14, G PR 0N 1 IR BAT Al AT H- 72 TR g i)
% 09 P o AT 22 SRIRCH DTG ¥ 18 6 IR IR [R5, 4 Scenic JRUf B VL LEAH I ()38 B L BCE 2250, A2 lidtiid g 5.
AN — AN EARSLIR B 7R SceneRoad [RIAHIGE L.

—AN BARE SRR 5 50 N ego AL T —ANRUN] 4 FE0E [0 I SEUTIE B O 2R I R, JOAXS Uy )
(AU ZETE G —H7A7F carA, ego JITALIE B W HIT /7 A — A5 TBAS XU 1 7EA8 X FH, ego JITAETE R IR 5 7
HIE R ARG carB. B 7 MR T %35 5 T8 % 45 R X R ) SceneRoad i, A5 R T ATk
Y B B IAE CARLA et 2 5, SR ego RTAL G R & .

22 | Grouy | Lanehum - 2
gl.road = ri

g2.road =ril
gl.opposite = g2

ego_lane : Lane, index = 1
12 : Lane, index = 2
ego_lane.group = gl
12.group = g2

=
VO N| OUAWNR

j1 : Junction, isd4Way = True [Sjy
13 : Lane, turn = LEFT 3
13.junction = j1
ego_lane.succ = 13

7 ki S IE B SceneRoad L7 H BRI

Boe
[N

A
o |

B
s w

8 /R T £E % SceneRoad ) Scenic FH %15V, 4 ) statement 183 Scenic i 5 > fFHITEAR) (L 3CHk [7]
[f)3% 5 %). 7 SceneRoad ", I M BFfE T 45 T graphStmt filiik, £F4 graphStmt Fi3& — Ff J5) 5638 BRAFAE,
qgraph BRI G S, RRLEFIT B AN MR M IEE W B, % T RIS 00 N A S A SR, Siik
A (entityClause) FiR T — AN 99 S A S HE T @ PEAEL, 9 PERRF 4 e B e — AN 15 RO EH 03 0 81 2 R AIE 25
WEE b SEAR R B R B R () 4 PR RISE B 2 —, ST 8 PEAEAE 0 L R4 F T 70 7 IR TL IE Ak vh - 4R
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W [ T AT F R S AA. R FR A (relationClause) 3 A B 194 S 4 2 0] (196 2%, 4 ol 0 e A 1 P v e 3
PRI KU, G R LU TR i) SEAR SRR Y AR 1 1R SCARL IR 5 R P W (get) 467 37 35 T It ik 4
WO TFARAT 1~ PAVL O 532, KA S F) S R A 7 v P g i o [ BT UL T, SR [P BT 5 2 P AT B S A
program: =(graphStmt|statement)*
graphStmt: =qgraph
(entityClause)*
(relationClause)*
get result_id
entityClause: =id: entityType, (property=value)*
relationClause: =source_id.relationType=target id
entityType: =Lane|Group|Road|Junction
relationType: =pre|succ|left|right|road|junction|group|opposite
source_id, target_id, result_id, id, property: =name

value: = number |bool|string|name
8 ScencRoad i B fiid DSL frIEEHI A 1]

(13 & 7 rp R 1) el R, % st iR vy 3 e 3 AR A, B 1 B IR T AN RUn) DU A TE Y TE B, 1,
gl, g2 J3 AR TE e S A N A= TE A S AR [ S A S K SR 1Y is2Way Ja 4 H 240 SR S 10 B0 01 1) 2 T A 5
() laneNum J& PEA AN E 12 2 TE A5 I 4R T 0. 852 LT 9k 2, il JH s 28 2 road AN 55 & opposite Hf
JUASSEAR SR, 5 2 BRI HIIR K2 ego FTEAETE LA K 5 ego 7L [R]— I8 % L A 77 ) IR 4238 4238 SZAR 1 )
P index & T HAER A LA TG M 428 4L BN B, index B/ R ISR T 18 e o k. 788 LT AR
[ AR TE SEAA S, Kee A3 5 88 1 3820 vh @ SCRITPIANAH S 07 o) e 4Ll 1 Ok & group HEATOCTK. 28 3 #47
HR T A Xt AAE S A I AR, T80 suce JEAKK RXTE RS 5 ego TR WIE R UEAT 4R, L LA _EINHER,
FEFPR T NS 2 A7 5 DA B X e 1) 22 4% 3 1 i R AE A A 1B R B R AE A I 2 s, R
NetWorkX!" i SHL) VF2 SIEHEAT 5 6 W B A0 1 FEIUC I A 3% 5302 7 A 1 PRI G P sl A v 1 s SCRTAT P
T, LA A 71 a8 TR T DA B 3 DC TE, 114 5% e

XTI SRV IE, A 5 0 ] o 03 G SR R i ) A v T o A RO IRD, ELAZES ) L ) B o i A
o G B A R 2R, BEA R PAN T S VT Th. E SceneRoad 1, 3% 287 B il 1) J 1k BE vl LU 2 BT
S B0 0 12 2 AR 11 i 0 S A S b iR SR A, A AT AR AN lambda &k st ek K. 10, 18] 7 vh 4R TE ik S A
(road) )@ M “is2Way” Bk AT LAGm S 8 SEAR 6 e o, ] BAXH . — AN R BTz i lambda 21830

lambda_func = lambda road: len(road.groups) ==
rl : Road, is2Way = lamda_func.

A RPN > lambda FIEZ, IEATLET fUTLHLN, Sk 204 A7 UL G I8 B 52 AR AR R IR AT 5, 3
Tk ek vt B IR ) T2 T B PR L AR 0T s UCIE B IR 0, LS Y I8 v 1320 5 i T R A 2 1)
Vel o 2 PR 0385 J2 O R R AR B LU R I B BRI 5 h 287 B, Bk U L FE B .

9 JE7R T ik i SceneRoad ¥ 5 J5 11 Scenic 43 LA R TR I W ] b2 4k 55 F 7 Rl A4 2 1 2% PR AIE A i)
[F R )7 B R #2, K4 SceneRoadQuery. 41 & )5 M35t iR [ I 2 SceneRoad A (K1 1D) LL K Scenic
VB, A IR I e PR EATIRE 20T . TR BRI O RETF) Python ARG, B 1@ X R f¥) Python AURS, JL
o SR A BRI T R (node) T G IR LR I 21 ik W RFAE AT I TR, 0% A A W IR TS (link) XTI
e 2 A g Kl b AR Python F57 2 AT 9 13 B 19, SR 5 PRI RE AT . SAAT S0 1) 2= 1 ] -7 PT DL e
2 (B B) 7 % 00 P A8 22 DTG R AE A 1] (1P B A) BB i 228 5 181 A Ao 7 P o A 3 R a2 4
5 P BTt 4 T8 S S5 R v IR SR S ORI G Ak e 1 PRI B LRAY:, WT LAAS 3 BATAH ) 45 M RFAE R A
[l 5B . B, A ] Scenic JR A T AL A N % b J5CE. 4250, A2 ik i 5t
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SceneRoad 15 & M HH1E qgraph = creatQGraph ()
rl = Node (€11°, Road, is2Way = True)
qggraph Py " addToQGraph(ri,qgraph)
] i - AW 1 A = Node (g1’ -
rl : Road, is2Way = True Constructors | 81 = Node (‘g1’, Group , laneNum = 2)
Scenel‘{gfjd gl : Group , laneNum = 2 findConstructorsIn in namespace | addToQGraph(gl, qgraph)
R o1 road = r1 link = Link (g1,road,r1) Q
get candidates o block of Python addToQGraph(link, ggraph)
. ock 0 d candidates = subgraphMatching(ggraph,
Scenic result = random(candidates) S e tokens sz code
. WA AT W roadgraph)
iff] rl = results[‘ri’] . " lat
ego = Car on ril Tokenize MBI ENS result = random(candidates)
rl = results[r1’]
. ego(Car(oOn(ri))
WM Scenic e L
i R @ Pyth %“f%lfﬁ”fﬁ 5
N XML JHLE e B2r— 1 ython B2 DT
4] | E— N . m— S Parse&compile
,'é SR R W5 \ P
h " K PN
W BRI 22 R SceneRoadQuery 1714
<concRoadOuery HUT HHE | A : Y
SceneRoadQuery $47 s R ) VE2 ik
rl 3 bl
gl g2 |ILAER 4 ST
epEEAmmE & CEFLETE (g BTEEE (X AGRHBABERAE
D8 A ) candidates subgraphMatching creatQGraph,addToQGraph

K9 FR# Scenic M43 UL & SceneRoad A4 33— B A1 B VT i id 7

2.3 SceneRoadQuery H{TAY M EEMIR

ALK SceneRoadQuery 155 BrAf FH M e EAT VI, MTHEE ST 24 PSR F, S5 25 v AN m B, 7 B DR IE 7
5T S NP SE4A 1. VF2 SIEE SIS ol B T S 244 O(N?), Fe 225 il N I 1) B 245 4 O(NIN?), L v oyt
S B A HE SR U, 3R 11 37 553 B PR TRV A D /N BRI, /N B SRS 2, R B —AN a3 X 3 N I A T T [ T
1%, SceneRoad #fS ] LA 4 I 7 4753 (14 38 18 &5 R0 A0 A) Sl R 2 P 2 DU REAE 2090 19]. AR TE S PR i 3 st R AR o 72
o BT B S A AT AL A R (i n, BLE S HOAEAR 100 m ), A E R IETE B S LG
38 3 55 b A s DA S e h AR TR . AT N SE AR B S AT L. LRI, 37 st (R T B A A R 1 B B R
FITAE (1) 24 R0 % R B i UK Bk 5 4k, IX 175 SceneRoad S K 1 145 194 7 1 1% ) Pl PR B AR S AR S /N TS TR N
R T 308 ®mITAL SceneRoadQuery 358 B 48 R WIS (0] 44, A SCEE 11 T CARLA Bigbldsh 8 ANAS[r] b B 1
S 11 % 0 P RARE DA B 5 A DA TR B 381 5 4R P 37 55 T B 7 A9 70 AN [ 3 o ] o ) 1 PR G TBE A3 400 LA RSP S4IRE I 18] 10 R
CARLA B35 1 Town03 Hi ] 1) % W9 5 K R B L 36 2 JE7R T CARLA AU v 8 /NS [l b ] 4%) 2 (1 5 1o <] v
5 ) S A DA K R R B

% 3 7R T ANIF] SceneRoad il (193735700 B RFAEAE 1 9 Hh R VT R LRSS, SEEBE CPU b Intel(R) Xeon(R)
Gold 5220R CPU @ 2.20 GHz. 7~ %} BV [¥) SceneRoad FIHfiik LI 7E CARLA FERLES AR B3 507 ILFR 5% B. 36 3
Hh A DU T SR s R AN s ] b BT R R T B R AE TR T 8 A b Bl b DT R 31 1) T LS B, A 1S3 e )
FTN 1 20— AN b B b A DT 7 490 T 415 3 1 T8 B AR A 1) T B SR IR AR TR il T BUR WA [ 3
FOIE BEREE, SceneRoad HEAT B U HC T I I ) [ 40 4 == F0 2. SceneRoad BRIASKINITA % 3% VT Bic 7 B - AT £R
AE, TR G 82307 A2 i3 st I AT 42 A PR A R 328 TG 5 o B AL 326 BT S T3 3 2 b AT 7 PRI DR R 5500, DALk, 7
eI A o PRI AL 7 B 9T F B T AT LU T 1 ms. A4S R B, SceneRoad 7E 3K frfd i F2 A1
SEUG IR S TE IR R, O R AR A s It T IR

Xt T SceneRoad 2B I3 I IE A, A SC I = A2 i, S AR G R, SRR R 3 AT THRMT S . i
56, ARSI E IR 4 283 W SR DA S 1 HpoE U SEAR 2 B 28 32 5% T OpenDRIVE Frifi € XM ICE. AL
FETIX L5 SO D 2 8 D00 0 v i A JE A et B R ], IR A R AR B LR AIE. ik, A SCHT I VF2 5L 2 iR
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Yoy P[RR T 1 Bl v, LD O &8 SR A HE A ' vl DA B ERAIE. £ a3z st (I RE vh, REFP o ST — SR A5
P, A R AR AL S AL AN, 7 5t BRI, T2 P 23 SR VA S SR o T A 1 st I, AR A
Dy S WORHR B, BAE I 5 A T AR I AR, TE I, SRS BT DU T A K 3 S IR R A — 2D A B

F22  CARLA Hiu Py 2 i) i k9 P R

] P L A B4 P Pl M
Town01 358 2200
Town02 252 1560
Town03 970 6359
Town04 1011 7098
Town05 1078 7726
Town06 776 5515
Town07 818 4974

Town10HD 376 2605

10 CARLA F3UL3% Town03 Hi & % 90 45 4
%3 R[A] SceneRoad Fiid ) T+ B VT i 155 1t AP35 BB It
SR BRPUE AR SR B IE A L REEITIE TS AR EEIRET (s)

Case01 1 0 2420 0.1
Case02 2 1 1286 0.5
Case03 4 3 175 0.3
Case04 5 4 174 0.39
Case05 7 6 131 0.46

2.4 JRHERRESXIEE

SceneRoad T EARFAALE T A Witk W) BB T ] B¢ R AL 5 RIS 2 A AR Z M AR R AR, JF Hiighg A
PR P C I i) AL PR S04 21 0 o BT 747 5 R O T I 5 4, PRI LI IR R S 2%, SKBLAZ N2 IR
EipaN SRk 8B A A s R /b Y UE 2 RS

e SceneRoad 5 Scenic RIFifiid J7 LR, — N W SEAR T g 5 HA 2 A SeAR 2 Tl A2 A R R, PIIEAE Scenic #
R F P filter BEAT I8 ) Ik 5t 7 2275 R B2 S A SCIBR IR T A 29 AR A, I L rp IR0 35 SIS B 1) S PR 2R
AL AR SR T R R AT

11 J&/R T RIH Scenic H filter I8 fI ] 7 H 38 B SR r1. (1T 1l 1 ego TR ZE3E IHT 7 A8 X%,
VEZ LA A IR IR L S AF 2 oh, IR 2 — N Rl R 5 H 0 2%, AR Z I A7 AR AR 1 2 I8 R AR
I}, Scenic i EEXFEEA SRS HT 55 HOCIR IR T A 20 RS AF, IX AL A5 AL A it A i R AR 43 52 % ELRR o Mk LA B A EE 2
I, SceneRoad AEMSKFIX TP AR R R LY RIRI i R AT P L0 R ALA, I H T BLAEE SCSAR S R P Hh AT
AL B HE 5 SEARA R R AR, A AR IR AR 1 5 R 1 o, 5 5 B

1 rl = filter( lambda r: r.is2Way ==True

and len(r.groups[@].laneNum) == 2
and len(r.groups[1].laneNum) ==

and r.groups[@].succJunction is not None

(O NS )

and r.groups[@].succJunction.is4Way == True,network.roads)

Bl 11  Scenic A filter fifi ik i 4%
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SceneRoad 1] H T-Hifiid — 4% 4%, 411, SceneRoad 1] LA ixh 21 15 3% S 38 % SR IR I — S5 ZE AT D B 28, 2%
L P oT A HATIE S, B AS X VA, A HAT BB S ¥, SceneRoad R LA I A5 A B 2 AR ER 1
TR RISt A, AR 12 PR, e RIS S 2 AN B S AR T A7 AE A ELZG AR DU MER] Scenic H1 Y filter
A, — A AR T SR U 13 FEARIA PR MR AT 5 2 I %, B X EEZ T, SceneRoad 4 B i fif
TR AT
for 11 in network.lanes:

if 11.turn == STRAIGHT:
11 : Lane, turn = STRAIGHT

12 : Lane, turn = RIGHT,in_junction = True
13 : Lane, turn = STRAIGHT

14 : Lane, turn = LEFT

11.succ = 12

12.succ = 13

13.succ = 14

for 12 in 1l1.succlanes:
if 12.turn == RIGHT and 12.in_junction:

if 13.turn = STARIGHT:

for 14 in 13.succlanes:
if 14.turn = LEFT:
condidates.append([11,12,13,14])

K] 12 SceneRoad ik — 4Bk H & 4218 13 IR RE 7 & 41 1 T8 i

1
2
3
4
5 for 13 in 12.succlanes:
6
7
8
9

N oo b w N R

e SceneRoad 5 OpenSCENARIO2 [ LU, J& 2 [FRF 2 ST Hl 5 8 W9 LU A 1 5 K8 B I k. 18 14 4
OpenScenario2 (WA=, T AT — AN IERE T W ZETETE K (1T 5228 X% DR — 4 A0 e ik 26 . izl LU
31, OpenSCENARIO2 X S i fifi ik 5 SceneRoad JEABL, S 4k i J P (B 2 OIS with, keep 2477 . Sk 2
) B 5% 2R PR IR FRAH SGAB A AT 20 oA, T8I — S8 S AR Dy S50, 3R (9 AH Y. () DR &5 SR 49, 749 v IR R 17
roads_follow_in_junction 3% [F][¥] /2 MAZ X% 1 )N 13 B H % r4 1% 2k (route). OpenSCENARIO2 5 X T 4% %
B map H ) LEILATE IR T, IX B RATAE ST HSEIR R DR, S LA SR [ (1 S AR S B B ST EI ) 5
A AR 2. E X E AR ANR LT IR B VB MGRF, X248 B & SUB MR LA R S b 38 78 w] F 1138 2% S A
AT LA /NI ARG g, DA T T3 R i G I [ 240 o B AME A A 1 P 30 2 e i B P SE R, X RSk
J7 5 B30 53 PR OpenSCENARIO2 Hili 5 3 9 v 5 SCE) & RS ARATFH 73, 12065 F P A S B el FH Sk 10 B Jonn 1 i

1 map: map

2 r3, rd: road

3 (number_of_lanes == 2)

4 my_mod2: map.roads_follow_in_junction (
5 in_road: r3,

6 out_road: r4,

7 clockwise_count: 3,

8 number_of_roads: 4)

14  OpenSCENARIO2 538 i 11 4H Sk

3 ETHRERESERMESS

T T3 I H AR SR SR JE R AT T SceneRoad ¥ Scenic i 5 WM i i 5K 3 SR A AR BB Tk
INEZ D753

st T L R S BUN A S, WO . R EER A AT NECRE L A A 12
LSRN IR BB () M) 17 5 2 803 ). 3 et v 55 2% RS vl P — P fRTas o (R0 g sl I F A il — A1 3
SR AT R K Scenic 155 IR T —AMBEHLA 7 SR IE, I IE A BOR HUBRE L 357 (1 P e
N T RIS A G R, FRATTCR T Scenic J5UA 3% SR AL SRS, 3 1 BV 19 7 R AU Sa200 RAE R IG5
AR T I, S T st U i .
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K15 gl B L SRR, 1 B A SR A IR E B lid (3 2 1T) RIEFEIE. ego 4538, 1 KIULRCFF
AR [F P R AT (K A R AR A (BB 1-34T). W& T BEHLRFEAS 2] lane (55 4 17) JFHF ego JIUEAE L 02k
LBENL— T G 54T). & 4 502 T iz stk b BRI RS SHWBUES % T B E T A R A
L FATTBE A R U X ) [1,10] Y BERLEEL, AT AN B0 BEHX ] [0,5] PYBEALEEEL. 78 KITTIPY,
nuScenes VAR A, B B E G BN AR AN 2 NIRRT L, R AT DA B S5 A 1 A S

[l FR B LE ego BUJT 50 m, BA K 90° I T X Sk Y. I, KA A5 H A% S HUNR T Scenic H I ERIAMH.
1 ggraph K4 ARG ETESH
2 lane : Py — W
3  get matched z Di(” K
4  lane = getRandomlyFrom(matched) Com if%%(”m‘ Cnum € [1,10]
5 ego = Car on lane.centerline, Pram A H Puum €[0.5]
6 with viewAngle 90 deg, visibleDistance egolT) i FL I 25 50 m
7 with visibleDistance 50, viewAngle egolfy AT LS )& /2
8 generateScene(ego,c_num,p_num,lane)

K15  4hJE Scenic AR B Se R

Y sl B ) 5000 2 (generateScene) FHF7E ego [ FTHLIX 35 B WL A K o FEZEFN Do TN BEFEF—A
AT 2L R Bt L A5 28 2400 ) vk, I I 8 B B S A TR R PR 2 A B . 7R 2 b, B 56 3R ego HITT
PRI Y B AT AT B X 3% (driveable region) LA A NATIE X35 (sidewalk region). $RHX ] 478k X IRAE Scenic 17N
— Y (VectorField), He Py 145 s #G 5 ). S0 T8 % DX 3k i, W 7 1) 49 2038 TR R 3E 5 i, DRI 2 ) 2 40
BRONEH 1) JC P 7038 B 0 AT ). Ok Tk 1 5 AR ORI R, SE AR S IR AR BT IR R 1) ] I ] AT g X s
EAT AR, 5 B O AR R 240 P 7 1 DX, A48 AR U R T e 5 O R 5.

&% 2. generateScene.

AN BB 45 ego, EE o 1T NBER Py ZFIH lane;
i A B% 5 Scenario.

d,«—drivable region in ego.visibleRegion
s,«—sidewalk region in ego.visibleRegion
FOR i in range(c,,,,) DO
carg—Car in d,, {On a random point in d,.}
c,«<—RectangularRegion of car;
d«—d—c,
END FOR
FOR i in range(p,,,,) DO
ped«~Pedestrian in s,.
END FOR

X SRR I TR R )37y 55, A8 FH s e PRI SR o) N3 A2 S Scenic PI'E B3R ( containment F intersection)
V180 ZE 580 %) 7 2 R ) 1) S A T VR A BUAR Scenic JRUA I B4 T 70 RMCRAE I SEms. ARk, B 16 JRIR T KM% 5t
(175451, BR1 F1 BR2 73731 Ay 220560 Hh T8 % 300 7 LA T 22 A 2 A0 3 28 1) I 0. k168 ) T B s R 1) 2R, B4
TR RO p, RHGR AT a0 2 b5 H IR 1 — 55 ¢ IFERT R o AR A 5 S 8 T A
B LEW, el A RPH, KPP RANEE - NMERR D55 AN 4EMES, MARHAZ LR EAE
BN TR, BELIE E — DR N R LR I 000 HRE 5 0 B 1) LA ZE N B, o) 980 4 2 40328 U AR T b
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VEH BIZL N A AEAR LB 4504 1L

AR e T AT S0 2 455 AR SR 5 LA T AT 30 X I Py B LD s 0 B 2 A0 O 25 8 R 3 55 3K P e AR 1)
JIEE B AR AR A ST T BRI (). S 58 1 A5, FRAT T o A9 13, ZE BRI SR AR AR08 22 /0 2 10 )
WA TR 565 2 A7, AT T 0 10, BN 7058 22 B 1000 M58, SESG T CPU 4 Intel(R) Core(TM) i7-
10875H CPU @ 2.30 GHz, GPU & NVIDI GeForce RTX 2060. 525 45 B4 5 Fro. W B mT LLE 1, 503k 2
5Cr YR RE SR RS R BRI SORRE (R B, AR e 0 S 1 3 5 B R PRI ) /N T 1 s

N o e |

16 5 Scenic W'EZELK containment F intersection 11511 W% 5 =l

%5 BENLAER 10 B R REXT L

ik TR B S PR (s) SR gy
SRR 5 0.7 10.7
BEATLER 25+ SR 534 50.5 10

SO HET B 15 R R AR DL R RS AR T 4000 A7, SRS LG T IR AE B KITTI #odls 5 510
U S BRI SR G o 8 ) 7041 LU (K7 150 AS 2 1 S5 5 B S SR A AL, T I e T 017 J0 47 S P e
RIS PEAG AR+ F 2L 18117 R TR st A R gt (5 2.

12000 600
10000 | » 500
g g
g 8000} £ 400
Qa —
5 6000 - Z 300
2 5
E 4000} g 200
Z =]
2000 | Z 100
0 0
02 04 06 08 1.0 3 4 5 6 7 8
Occlusion Car per image
(a) BOESSFEREE (b) P LR
7000 ¢ 3000
6000 | 2500 |
£ 5000 § 2000 |
e -
° 4000 £ 1500}
23000 | £
E 2000 | E 1000 |

1000 500 +

0
0 5 10 15 20 25 30 35 40 45 50
Distance

Orientation

(c) FAIM A (d) ego FIFE S
B 17 B s DG B
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ARSI IV T KITTL $odfs 48 LU A s 58Ul SR R AT NI . 15 ego ZIM B (0 21 50 m P
B 5 m —ANEBE) . B ([-m,m] XTE) 16 5553) « Bl RFEE (4 Rl apRE) 32 LA ZETTH- A KR, 9
RN W B AR S S v B A B S ), SRR ZREPE, THEEI A R 6 s, WRHPATLUE 2, A5k b
JR K B R L7 55 et A o, AR T N AT DG T B B0 A 98 15 KITTT S50 B mhoxd B ) B (e S A, #6250
I USRS OL, AT ANRECE . 5 ego Z IMIINER B 45 2 GE v 70 Al LIS A0 R 19, ASSOR A T IX 2875 1
(K132 5N AN ] (AR TR AT B, R0t bl 22 AR A S S B 4 15 0 OB 4R _EIRORS AR fe a3k 20 it
WA RS BB A 5 LS AR TR AR B

R 6 BRI NG A R0

ﬁﬁ% %%U Hyym Hais Hoyi Hocc
KITTI Car 2.29 2.22 2.25 1.15
Pedestrian 0.92 1.99 2.62 0.93
Car 2.17 2.22 2.35 1.22

Ours .
Pedestrian 1.76 2.12 2.34 1.24

4 F RS BT R AR RN

FERI I I SRR 5 AR 0 B 50, AT LA S5 SR 07 SR Edie. 1] 18 J7R T 7E CARLA Biftlds 5t
B IR 53¢ LR 15 3 B G Bt 7 B s AR A BRI P P AT AR 2 I 37 55, 490, AT DA GE e S Y 5l ) fHE 2
AR A 3R TF. BLSE P RAR RSO IF AT ARads i+ B 5% FLRBIN (19, #EA7 B 0 Bl _E mT RE oV X B AT
AGEEKIPEIN, X ARDEAT 76 70 U0k (1A T R AT T8 e I A2 A A5 DU 9. T 07 SR AT LR AR 1) 75 2
PR A T R S, AT SE B B BT 78 O3 AP, £ 5 U 78 73 IR UIE 2 AT S, B T RS
DRI UE 11 22 A PERT R SERE. 7 FOASE AT DU RS2 03y S5t i LR K e 16 2 B 55, I RERS S 1 302
AR GHAT B AESA, AP S5 4T A B, DX AR GEAE TG A& 3 5 R IR REXTAT O, R B A 1) 2 4 AU,
M e AR ) 22 4

18 7R bzt (107 A

AR, 3 N SE B AR A AR R A 01 7 S AN LS s EIRBLEAT 8k, AR, e 07 5 B Rat4s
RA BATE S ASCEA I SRR 5 R R T 5 B Sl AR R S B 5 B3 5, AR P 2 MR AE
(7] S5 RAASE P Bt S A DIDKS 2 1 AT — Bk DASS UE A SO Rl A RO ik A R, ki 7 ok B 3
SR SR SR
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F AT 05 37 5B 5 200 (car) FIAT N (pedestrian) PIRENESEAA, BRI, 0 T ik B SR IR FREEA— B, T
1) B S A AR R A B Ik P 2R Al F b, A< SCAN KITTT #cdhs 42 1 I i B8 R IE 4R Hh 43 i 7 a2 th R0 3 4= RAT A
PP SR IR 3 5, Horh IR 4R Th I 45 31 2000 Mg, INIRIEAE 3 2] 1500 4N 5¢, FF4 FAEFR A
COCO ¥t P g 2, 43 54 Sy 5256 B FH 16 FT 928 45 KITTI COCO (RN ZRsERR 4L, 17 1037 52 M3z 5t
FlRVE BT A G 4000 AN P BEALIEE T 3500 AN, I IRREZ I ZR4E 2000, JHREE 1500 (1 L 3EAT B %)
5%, R T Ui HAE S Synthetic, 17 5 BUG AL BER 1% 1002 B0 S BSOS 12 R KITTI B 4R . A3
SPRCERIE B EIR, ego X3t M I HARZER . AT NPTTERE S T 2P B R 1) 4 808 PS4k, A4
AR T SE ST B B A 9, AR YE 4508 (lane) LAY “turn” B PEANIF], ego BT ARE BEUHE T HIHE, AR
TIE, AT RIS TE . R IE M (road) SEARIIZEE AL (group) I E AR, ego FTAE HIIE MEL & T B 1) 2218 FUOWL R 2
8. 2 ego A FA8 I I, ARFEAS L 1 (junction) SEARH“isdWay “is3Way”J@ PE, X tedg 5t p 8 T B i
FIA T B S i 4

)3 5 WA ) 0 S B AR AN 07 B A J5 , AT TIEEL T MM Detection HEAE (2.19.1) T 32 HE 1) 10 AN H A I
R G55 N AE A B A B REAT IR RV, . A SCHE MM Detection ‘B 7745 Hi 13X 10 ANAS [RBEL R [t — 2L 2R A1
SRIC L )l b 27 2] 2R SR LA R Zk epoch A5 HEAT T RAE, i ORASE B TR I R 2 SR N Wi 8, I B T A 2
TEREAN YN LRI A2 T ALY Bbox mAP. 453N 1Y (1R 1C B SO, 2% 30 28 5w DL A 25 epoch BUAE 4145 JE LB 3%
C, 52456 GPU 23554 NVIDIA GeForce RTX 3090.

T HIES T B AR AN A R EOE SR B RS BERGE, H PR RS B2 VAL HR AR 5 COCO H 4 Al I i)
mAP (mean average precision). mAP Bt T ARl BME T 22 AN 50 1P 3R A 8. A 7 B8 T 000 R BT 174 e s A 24
TEPIAN AN R B 52 E 0 H 0] LU AR b0, B DR A 20 i B/ B S 4 R e MR s 1, 81 19 Fvm. st
A o) RS 1) 55 8 SEHEAT LU A, BT 10 /NSRRI B A 20 7 (W] — B A8 BT 405 1 B brk
DK BE R LA, AT 25 SRARTIL IR S A (] 190 8 BTN 72 B 8 ) 3R B0, DAY A ) L2680 A ) T 5o BB AR 5 (1 .
PR TR PRIFIX 10 AT L B A, o N ZRae FIAAE, B 7R TT S B0 48 -5 07 TLECR 48 2 ol VI R A Pt 45,
HAEZH IR WS BIEAS [ 50 48 EORS FE AR A3 3 (], DR ER O I 118 &85 SRAAC T %) i 20 SR 7 L a1
MR T PR I B VI 5 S AR 8 R R IL AR B UL R IR I, FRATT SR AR AR B g AT
I %S L.

19(a) 29 6 FPAE FHAH [FI R AEFEICE T M 4% (ResNet50) M RIS L FRRS BE XS LA i, AT LU Y, R
TEPNAS ) B S L (RS 45 5 HL A 0 6 (9 IR AR OGPk, BIFE KITTI_COCO IR IUA Uy AR Y, SLAE A7 FUAi 46 |
[FAEE AT T H8UF AR, P 22 IEAH G, Pearson AH 2GR EUE H AT 1 P9 /N A8 5 AH SGPE (W 3 LR b, BUETE R 0
[—1, 1], BRI 1 3R P38 22 0] 1) IEAR DG SAaBkam. FRATT oI S0P ALY (R0 B2 2 W] 1) Pearson AHOC RN 0.92. 18
19(b) 1, FATIEELE] 19(a) H I s I 1) P 5 A2, 5 LAt 4 oA P AS [0 S B0 = 09 4% (0 A 28 11 5 3 3
A7 R B, BT Ay SLRN SC SO A v (M R BRI AE R A B2 IEAH OGHa %, P Pearson AHIC RECH 0.966. SEH 45 3K
HH, ke RS 2R i 5 SR 0 S A v B A ) ) e 22 e, R RLVE I 119 &5 SR T LA R FE B8 R R
L. S 5 BLIAIE T AN SO LA A i v A R

FT BRGS0, FRATTRT DU A S50 AR R 37 50T BB AT R ) F Ao M. A S 36 1) 9 FH 3 5 BV Ay sk
Fa 36 55 B2 N H S s ARABL 17 B3 5, 5 2 AN [ (1) I N S B b AT A i LRSS, AT Bt 7 B R s
R A AR, A SCHTIN ¥ 10 AT o BEAS I Faster RCNN™LX 2K anchor-based HIAR AL, 414 CenterNet!™ iX
2% anchor-free RIBERY . M SZES KK E, ATSS® A AutoAssign43 5175 A< SC T IR 1) 2L S K0 45 R0 LA 4
LRI, ATSS 4347 T anchor-based 1 anchor-free #4535 & H-4¢ H H B0 2 1E AUFEA TR 77k, AutoAssign 23 BT
ATSS f71E 1 1) BT 56 )i B3 (1 81 2 label assignment. S AN S 45 LRI S U (WA RUAS ), (H A e AR Y
ARG BE 72 BEAR R T 5 FLAWAE Y 2 (R RS B 22 R B /IMR 2. A, IXBTAMBRIAE COCO %t 4 IR It T4
SCHTIN )R 22 HOBERY Xt AU T4 EIR T H 7 vk B RO R M k. RF 2, AutoAssign 7 COCO #di 4=
IRRS LA T ATSS, HAEA SO KITTI_COCO #i#a %k I, ATSS 2L T AutoAssign, 12X A [ 3¢ W A5 24
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ORSEERR T SR OG, B4 52 2 S B i F 47 SR SE ), (HIXR R i 28/ TR R e o 7 2R s i, B ) ot
R [RR 3 R B T2 224 .

7 AE KITTI £ A M s B 4 b iR i v

FE EES AR Bbox mAP (%)
KITTI_COCO - 41.7
Faster RCNN' Synthetic - 53.7
Synthetic KITTI_COCO 17.5
KITTI_COCO - 37.4
YOLOv3™” Synthetic — 54.0
Synthetic KITTI COCO 15.6
KITTI_COCO - 28.4
SSDP Synthetic — 332
Synthetic KITTI_COCO 11.9
KITTI_COCO - 445
RetinaNet™” Synthetic - 57.1
Synthetic KITTI_COCO 25.0
KITTI_COCO - 2.1
FCOS™ Synthetic - 57.2
Synthetic KITTI_COCO 213
KITTI_COCO - 474
ATSS®! Synthetic - 62.7
Synthetic KITTI_COCO 25.5
KITTI_COCO - 40.3
YOLOF™" Synthetic - 47.6
Synthetic KITTI_COCO 233
KITTI_COCO - 46.0
AutoAssign™? Synthetic - 63.0
Synthetic KITTI_COCO 22.1
KITTI_COCO - 413
CenterNet™ Synthetic - 54.0
Synthetic KITTI_COCO 21.2
RetinaN KITTI_COCO - 0.1

etinaNet . _

(Swin backbone)™? Synthetic ST
Synthetic KITTI_COCO 22.8

T PR A A« —Fon IR S VIR 8 T [F)— Hodls 4

65
. L = KITTI_COCO = Synthesis 60 =KITTI_COCO = Synthesis
s S 55t
Ay A~ 50 F
E Tas|
g g0y
m m 35t
30 +
25 F
20
YOLOF Faster FCOS Retina Auto ATSS SSD  YOLOv3 Center RetinaNet ATSS
RCNN Net  Assign Net Swin
(a) 5 FE AR PR SRR 24 ) TR L (b) PR [ S50 4 R TR X e

19 BERIAEPIASAS I Hod G b (10 EExT Bl
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M SEES B, BEBAE 7 A AR LRI B A T A S AR BRI, X B S E SR E
s i FUSEFR Y DL S s I AR BEAT D%, AR ST I CARLA #5028 A& AR DSRS0 A FH 55 2 )32 16 TR 5
Phae 2 —, R, 07 AR T B SE M I SR AR SR B AT — S8, 52 0 ME AR T S 37 5 80, BRI
AR SCBETE I S A, BORE () S A U 07 A AR RIS TG, (B2, 1938 T sl 5 5 07 B A48 10
4, %It T N 2244 OpenDRIVE M %5 11 50 i HL 47 B4 b, 7 B 5 Hs 2 (A i b 22 7
25 Bl 7 FLBOAR I 2 e DL R 3757 1 5 2= TR T AR 45 R /).

A SR AT B e AR R RIS T AR U7 A B V2RI B B B B S i v, X2 R
AN AR T A R AR I, BEAURS R <o R ARl B R . 3R 7 WP RIREZ 28 T 10 NN A BE Y AE 1 S0 4
I NGRIFAE BB RAR B 25 2R, T LA B4 R BAR T HLAB PR AS S0 45 3. X B RN I ZE 5+ (domain
gap) IMAETE, BN ZREds 5 Wl ok B AN R 2040, i, AR 5000, RS E R, HBBIRE &, M
SEANFE S SEOXMZE 5. & R 5 B S R RO S, LTS e IR BB 7E 154
P A RS FEAEAE IR, $85E Y. (domain adaptation), 3T#%2% > (transfer learning) Z50F 57 LAE U TRk 2 = 1)
W R B 7 B AR AN R i DL R 3 557 A A AR R ER B 2 S BRI R e, 15 5037 5o A S5 78 A B0 2 3l 43 3 5
Z N,

+
5 IE'\ éFI

ASCBEVE T 3T 8 X AR (1 37 538 G ik DSL, %4 SceneRoad, HK H4E R 237 5 ifiidiE 5 Scenic 1L
PRI HEH A R RIARE)). it 5 Scenic, OpenSCENARIO2 4537 5l i& 15 5 0] L, SceneRoad A FH 73 1l 32 (1)
75 AR 5 e SR DA K & S22 [ )5 R, A Scenic 4L T 3B 2R IR, 15 H A N DAY 52
YN 2 R 103 5. I A7 T A% SR oo 3 S AT SE Ak, BRATIBRIBUK 7 (K37 50 FLAGR I HOE S ST sE 50 v
il T AR I A7 SR A 1 T i DA R AR 18 B0 R R A o AN B VA T A AR — T T R IR S
SceneRoad MAFAE AT LLHE— 54 Re it 77, MR % 0 500 A SEAR R DG R T Lk — 259 A, EZAHA L)L
AT SEAATNE DA SEAA R PR AR, 49 AN B0 B 544, NATRETE [ 58 SCRIAMERL, SEAh 2 [RIOC R, T LB A4 CF
(P ER O R B3 52 SURT I SE M 2 TR DR 3R, AT % M9 AT 9 78, 1§43 SceneRoad 17 5 £ & 37 = AidGE ). K
e Ak A RE ) SRR TSN R IR RE D), FRE BN SR S A AR R AR U 20 B B SR
SRR B, RAIE E Bh 2 0 e A

References:

[1] 1SO.26262-1:2018 Road vehicles—Functional safety—Part 1: Vocabulary. 2018. https://www.iso.org/standard/68383.html

[2] TISO/PAS 21448:2019 Road vehicles—Safety of the Intended Functionality. 2019. https://www.iso.org/standard/70939.html

[3] ISO/SAE 21434:2021 Road vehicles — Cybersecurity engineering. 2021. https://www.iso.org/standard/70918.html

[4] Google Waymo. 2022. https://waymo.com/intl/zh-cn/

[5] Dosovitskiy A, Ros G, Codevilla F, Lopez A, Koltun V. CARLA: An open urban driving simulator. In: Proc. of the 1st Annual Conf. on
Robot Learning. Mountain View, 2017. 1-16.

[6] Shah S, Dey D, Lovett C, Kapoor A. AirSim: High-fidelity visual and physical simulation for autonomous vehicles. In: Hutter M,
Siegwart R, eds. Field and Service Robotics. Springer, 2018. 621-635. [doi: 10.1007/978-3-319-67361-5_40]

[7] Fremont DJ, Kim E, Dreossi T, Ghosh S, Yue XY, Sangiovanni-Vincentelli AL, Seshia SA. Scenic: A language for scenario specification
and data generation. Machine Learning, 2022. [doi: 10.1007/s10994-021-06120-5]

[8] ASAM. OpenDRIVE 1.7.0. 2021. https://www.asam.net/standards/detail/opendrive/

[9] ASAM. OpenSCENARIO 2.0.0. 2022. https://www.asam.net/project-detail/asam-openscenario-v20-1/

[10] Ulbrich S, Menzel T, Reschka A, Schuldt F, Maurer M. Defining and substantiating the terms scene, situation, and scenario for automated
driving. In: Proc.of the 18th IEEE Int’l Conf. on Intelligent Transportation Systems. Gran Canaria: IEEE, 2015. 982-988. [doi: 10.1109/
ITSC.2015.164]

[11] Fowler M. Domain-specific languages. Pearson Education, 2010. https://martinfowler.com/books/dsl.html


https://www.iso.org/standard/68383.html
https://www.iso.org/standard/70939.html
https://www.iso.org/standard/70918.html
https://waymo.com/intl/zh-cn/
https://doi.org/10.1007/978-3-319-67361-5_40
https://doi.org/10.1007/s10994-021-06120-5
https://www.asam.net/standards/detail/opendrive/
https://www.asam.net/project-detail/asam-openscenario-v20-1/
https://doi.org/10.1109/ITSC.2015.164
https://doi.org/10.1109/ITSC.2015.164
https://martinfowler.com/books/dsl.html

3998 HAFFIR 2023 FF 34 K% 9B

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]
[28]

[29]

[30]

[31]

[32]

Zhang XH, Tao JB, Tan KG, Torngren M, Sanchez JMG, Ramli MR, Tao X, Gyllenhammar M, Wotawa F, Mohan N, Nica M, Felbinger H.
Finding critical scenarios for automated driving systems: A systematic mapping study. IEEE Trans. on Software Engineering, 2023,
49(3): 991-1026. [doi: 10.1109/TSE.2022.3170122]

Scholtes M, Westhofen L, Turner LR, Lotto K, Schuldes M, Weber H, Wagener N, Neurohr C, Bollmann MH, Kortke F, Hiller J, Hoss
M, Bock J, Eckstein L. 6-layer model for a structured description and categorization of urban traffic and environment. IEEE Access,
2021, 9: 59131-59147. [doi: 10.1109/ACCESS.2021.3072739]

Chen K, Wang JQ, Pang JM, Cao YH, Xiong Y, Li XX, Sun SY, Feng WS, Liu ZW, Xu JR, Zhang Z, Cheng DZ, Zhu CC, Cheng TH,
Zhao QJ, Li BY, Lu X, Zhu R, Wu Y, Dai JF, Wang JD, Shi JP, Ouyang, WL, Loy CC, Lin DH. MMDetection: Open MMLab detection
toolbox and benchmark. arXiv:1906.07155, 2019.

Menzel T, Bagschik G, Maurer M. Scenarios for development, test and validation of automated vehicles. In: Proc. of the 2018 IEEE
Intelligent Vehicles Symp. (IV). Changshu: IEEE, 2018. 1821-1827. [doi: 10.1109/IVS.2018.8500406]

Bauer MP, Ngo A, Resch M. The YASE framework: Holistic scenario modeling with behavior trees. In: Proc. of the 94th IEEE Vehicular
Technology Conf. Norman: IEEE, 2021. 1-7. [doi: 10.1109/VTC2021-Fall52928.2021.9625405]

Gordon AD, Henzinger TA, Nori AV, Rajamani SK. Probabilistic programming. In: Proc. of the 2014 Future of Software Engineering
Proc. Hyderabad: ACM, 2014. 167-181. [doi: 10.1145/2593882.2593900]

Cordella LP, Foggia P, Sansone C, Vento M. A (sub) graph isomorphism algorithm for matching large graphs. IEEE Trans. on Pattern
Analysis and Machine Intelligence, 2004, 26(10): 1367—1372. [doi: 10.1109/TPAMI.2004.75]

Hagberg A, Swart P, Chult DS. Exploring network structure, dynamics, and function using NetworkX. Los Alamos: Los Alamos National
Lab, 2008.

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous driving? The KITTI vision benchmark suite. In: Proc. of the 2012 IEEE
Conf. on Computer Vision and Pattern Recognition. Providence: IEEE, 2012. 3354-3361. [doi: 10.1109/CVPR.2012.6248074]

Caesar H, Bankiti V, Lang AH, Vora S, Liong VE, Xu Q, Krishnan A, Pan Y, Baldan G, Beijbom O. nuScenes: A multimodal dataset for
autonomous driving. In: Proc. of the 2020 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020.
11618-11628 [doi: 10.1109/CVPR42600.2020.01164]

Lin TY, Maire M, Belongie S, Hays J, Perona P, Ramanan D, Dollar P, Zitnick CL. Microsoft COCO: Common objects in context. In:
Proc. of the 13th European Conf. on Computer Vision. Zurich: Springer, 2014. 740-755. [doi: 10.1007/978-3-319-10602-1_48]

Ren SQ, He KM, Girshick R, Sun J. Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans. on
Pattern Analysis and Machine Intelligence, 2017, 39(6): 1137-1149. [doi: 10.1109/TPAMI.2016.2577031]

Zhou XY, Wang DQ, Krihenbiihl P. Objects as points. arXiv:1904.07850, 2019.

Zhang SF, Chi C, Yao YQ, Lei Z, Li SZ. Bridging the gap between anchor-based and anchor-free detection via adaptive training sample
selection. In: Proc. of the 2020 IEEE/CVF Conf on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 9756-9765. [doi: 10.
1109/CVPR42600.2020.00978]

Zhu BJ, Wang JF, Jiang ZK, Zong FH, Liu ST, Li ZM, Sun J. AutoAssign: Differentiable label assignment for dense object detection.
arXiv:2007.03496, 2020.

Redmon J, Farhadi A. YOLOv3: An incremental improvement. arXiv:1804.02767, 2018.

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu CY, Berg AC. SSD: Single shot MultiBox detector. In: Proc. of the 14th European
Conf. on Computer Vision. Amsterdam: Springer, 2016. 21-37. [doi: 10.1007/978-3-319-46448-0 2]

Lin TY, Goyal P, Girshick R, He KM, Dollar P. Focal loss for dense object detection. In: Proc. of the 2017 IEEE Int’l Conf. on Computer
Vision. Venice: IEEE, 2017. 2999-3007. [doi: 10.1109/ICCV.2017.324]

Tian Z, Shen CH, Chen H, He T. FCOS: Fully convolutional one-stage object detection. In: Proc. of the 2019 IEEE/CVF Int’l Conf. on
Computer Vision. Seoul: IEEE, 2019. 9626-9635. [doi: 10.1109/ICCV.2019.00972]

Chen Q, Wang YM, Yang T, Zhang XY, Cheng J, Sun J. You only look one-level feature. In: Proc. of the 2021 IEEE/CVF Conf. on
Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 13034-13043. [doi: 10.1109/CVPR46437.2021.01284]

Liu Z, Lin YT, Cao Y, Hu H, Wei YX, Zhang Z, Lin S, Guo BN. Swin transformer: Hierarchical vision transformer using shifted
windows. In: Proc. of the 2021 IEEE/CVF Int’l Conf. on Computer Vision. Montreal: IEEE, 2021. 9992-10002. [doi: 10.1109/ICCV
48922.2021.00986]


https://doi.org/10.1109/TSE.2022.3170122
https://doi.org/10.1109/ACCESS.2021.3072739
https://doi.org/10.1109/IVS.2018.8500406
https://doi.org/10.1109/VTC2021-Fall52928.2021.9625405
https://doi.org/10.1145/2593882.2593900
https://doi.org/10.1109/TPAMI.2004.75
https://doi.org/10.1109/CVPR.2012.6248074
https://doi.org/10.1109/CVPR42600.2020.01164
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/CVPR42600.2020.00978
https://doi.org/10.1109/CVPR42600.2020.00978
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1109/ICCV.2017.324
https://doi.org/10.1109/ICCV.2019.00972
https://doi.org/10.1109/CVPR46437.2021.01284
https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/ICCV48922.2021.00986

255 HAKPMEARR G LR THLES 3999

Mk A

ASTCHTHEHR I 4 S0 9 SEAR TR B0 J L, Jis T UK Al FL A Y 37 5% 1 7 SCRHER, LR AL
RAL 4 R SR

SEAR JE Pk ik Pt el
turn ZETE I 1) Enumeration LEFT | RIGHT
Lane index ZEIE EGroup N I¥id Int 1
groupld P38 T8 ¥ group String roadl_groupl
Group laneNum (Rt ilﬁiﬂl Int 3
roadld GroupJT J& )18 % String roadl
Road is2Way AT XA 2R T Bool True
inJunction RATERE X Bool True
. is4Way AT A% Bool True
Junction . [
is3Way AT 1 Bool Fasle
Mk B

5 AN DATHT 50 3 53 A 1) 17 5 s 91 % . 1) SceneRoad $iiid LA 71 CARLA 54025 Hh 242 e ¥ 37 55, Horpih i)
Scenic FfiidH#4 % L BRARDHEAT T 4.

o Case01: Ego i T-RENLZEE, HFT A —WE, 5 ego /AR ZEE.

1. qgraph
2. lane: Lane
3. get matched
4. ego on lane
5

. car in ego.visibleRegion on lane

S LT
40 b ™%

35t (| |%
30 b
25t

B Bl =1
o Case02: Ego £ F28 X i LN N BB ML 4238, JLHT A6 —4#4, 5 ego TEAH IR 414,

1. ggraph
2. lane: Lane

3.rl: Road, in_junction = True
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. lane.road =rl
. get matched

. ego on lane

e NV, B N

. car in ego.visibleRegion on lane

150
145 7
140
135
130

125

75 80 85 90 95 100

VT

-130 % if'\\
[

-135} \

~140 P
~145 |

K B2 7t 2

o Case03: Ego fi T-XU [ 4 418 — W FEUTIE B o2 i 438 b, T[] 1) 5004 O 42 T i 7 A — 3044
. qgraph

.rl: Road, is2Way = True

. gl: Group, laneNum = 2

11 : Lane, index = 1

12 : Lane, index =2

.glroad =rl

.l.group =gl

.12.group =gl

. get matched

10. ego on 11

11. car in ego.visibleRegion on 12
o Case04: Ego i T X[ 4 418 — W FEUTTE B PO 2 1 438 L, AR 7 1] A9 AN 4R 38 A — 307 4.
1. gqgraph

.rl: Road, is2Way = True

.11: Lane, index = 1

. 12: Lane, index =2

. gl: Group, laneNum = 2

. g2: Group, laneNum = 2

. gl.opposite = g2

.gloroad =11

O 00 0 & W\ A~ W N

.l.group =gl
10. 12.group = g2
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11. get matched
12. egoonll

13. car in ego.visibleRegion on 12

120 125 130 135 140 145

K B3 nfil 3

—a 95

230 -
220 |
210 =—
200
190
180
170

|

ii

10 20 30 40 50 60 70

B4 it 4
® Case05: Ego A7 T I] 4 ZE — (U 5E 3T i b B (W 24218 b, HAHXE 7 ) (I AMUZETE A — 5734 carA, ego
JITAETE B R HT 7 A — A5 TR AS R 1 AEAS S 1, ego ITAETE I (KI5 225 IO TE % AT — 3% carB.
1. rl: Road, is2Way = True
2. gl: Group, laneNum = 2

3. g2: Group, laneNum =2
4. gl.road =11

5. g2.road =rl

6. gl.opposite = g2

7. ego_lane : Lane, index = 1
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8.12: Lane, index =2

9. ego_lane.group = gl

10. 12.group = g2

11.j1: Junction, is4Way = True
12.13: Lane, turn = LEFT
13.13.junction = j1

14. ego_lane.succ =13

15. ego on ego_lane

16. carA in ego.visibleRegion on 12
17. carB in ego.visibleRegion on 13

Case05 [ CARLA #4008 o A2 e 1937 53¢ WIE SCH 7.
Misk C

10 MR ZRBC AR SAS B, & C1 1 Lr schd 8 AT ZRBE R4 BT F 1) Base config 7 157 >) A< 5%,
R ClL BRI E

I Backbone Fic & S Lr schd max_epoch
Faster RCNN™ R-50-C4 faster_renn_r50 caffe ¢4 1x_coco.py 2x 36
YOLOV3®™" DarkNet-53 yolov3_d53_mstrain-608_273e_coco.py 273¢ 273
SSD™ VGG16 $sd300_coco.py 120e 36
RetinaNet R-50-FPN retinanet_r50 caffe fpn 1x_coco.py 2x 36
FCOS R-50 fcos r50 caffe fpn_gn-head 1x_coco.py 2x 36
ATSS R-50 atss_r50_fpn_1x_coco.py 2x 36
YOLOF R-50-C5 yolof r50 c¢5_8x8 1x_coco.py 2x 36
AutoAssign R-50 autoassign_r50_fpn 8x2 1x_coco.py 2x 36
CenterNet ResNet-18 centernet_resnet18 dcnv2 140e_coco.py 2x 36
RetinaNet(Swin backbone) Swin-T retinanet_swin-t-p4-w7_fpn_1x_coco.py 2x 36

ZE(1996—), W, H+/E CCF 2aE4 b, 13
WA B AT N REE, BB R 240
BT, IRIE# .

FNERFN(1999—), 59, Ml A=, A= ST U A I
S22 RGO, YRIESE 2.

2 (1972—), L, 11, H¥%, CCF Ahia i, &
SRS T )BT A 1 G R e Ak,
BHTLNRYE, BT

FKAMEBK(1975—), &, 1, #I%, CCF Lahar i,
FERFFA A DT, N TR RIS, 6
N RGN

HER(1984), 9, {1, HIF$Z, CCF Llks
by, BTN BB A, IR 5T

$FEW1966—), &, W+, HIZ, CCF s i,
TERFSTAT A w28 R A, FIVE S R hERE
k.
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