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1. Homography—based methods
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2. Depth—based methods
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image 7J°] ¥%F} 3D BEV image 9| ¥7ta QA= feasibledt W< xﬂ%’s}z]q_}
S8 AR F sl AA|9] ol Kol gtk 3|40l Hajhuct ol3l
A TshHA 2DAY] pixel Ei= featureS 3D FFo g WIS 9aiA= 2 mage94
7} QAo -§E= depth FE7F DR} off oA depth HREE o]-§sto] PV
ARE 7|gko g o Byt

i
o
o,
17
lo
Lot

imageS BEV representation® & WH35}= HIHo| depth

DepthE 7]|H¥to 2 BEV WIS 3}= HMIEL monocular image©A] depth JEHE o=
sjofstr] wioll H2E depth &3 A HEo] -_r“ﬁﬂﬂ ojFofYrtt. ASH depthE
ol gl HEH AAE 43t 3D 1| mappingdt= HHE AMEFUTE Images &3l
depthE 9=3}7] 93] Pseudo—LiDAR[10]2} & point—based A1 ARESHAY,
OFT[11]9} Z+& voxel-based WS ARt MonoDepth[12]9Q} 242 ®H S AR5}
image pixel Z}7}9] depthE YEIW+= depth mape AsiA ARESH 1= St

Depth based method & 3HLI! Pseudo—LiDARS| BEV GIAL([1012] Fig.2.2)
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II. Neural NetworkZ 7[|HIC2 §t BEV HHEt
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object detection H|©|¥], ZFZ+ pixelo]| sFUIsHIS] classE mappingdf|ofsl= semantic
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AZE3}= fully connected layerE 7H w8 YEYZY 7|22 F2YYrt HEH
Transformert attention mechanism& ARESIY] Ay} £ HAE LEHs= 12
2, Aol AHEE 3 AetEl FFo]A|WHAttention is all you need], Z| computer
vision FHNAE Fojd o5 Holil Slssyth. 7ol WS ARSRE WS R 7HA

AAElEE SAGU,

ot

rE

BEV AN UIEQSE Stasly| st GTAIE| 0f2i=([26]2] Fig.4)

FrontaE view image Ground Truth IPM Depth unproj.

o
ox
ro
1>

&
w

Birds—eye—view Representation HEIS E6t FH




1. Multilayer Perceptron(MLP) 7|dt HhH

Multilayer perceptron, & MLP= o]=AA%E EZSF mapping TL2H 7158 4 o
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m =8 PON[26]2| feature pyramid A2 AL WERIT 7=([26]2] Fig2)
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2. Transformer 7|dt HitH

Transformer®] cross attentione ARESl= HIHHE MLPe} o] 7hdgt RalS 2H &
&5k Yol Wy WgkE e 4 Qlssyth MLP 718 WHAEE transformer 7]HE 4]
9] a3t zpo|FLe Al 7HAYUTE A HAR, MLPE layer? weight?} inference 50
© o] thefet ik skt of&o] UARE transformerof A= attention®
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nsformer+= positional embedding £1¢|+= permutation—invariantdt
Aato g MLPE Zo] PVolA BEVE AASH= AWeF B WHILS Helsts tiAl,
transformer 7|9t HMAIEL2 BEV ZF Yo tfgt #T]E WA FLAISIIL attention mechanism
2 59 dld #H Ao digt image featureE Tl FElof tidt 2 Fole= WA
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o= S 8= ol 3D object detections 2 A NS SAT WHSel 48
U
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TransformerS ARESF 3D object detection Ao A= AAAHA 2D object detection
taskoll A ¢142¢l 23S H<Ql DETR[32]°] 7= ®rob 3= s5Hth. DETR3D[33]=
DETRY] query 7|4} detection frameworkE It2 ARE3}HHA queryoll Al 8D reference
pointE F7}2 o&3}al, 11 pointE camera calibration matrix2 2D image’do] £9%
olal, 18A EYE X|o)A] image featureS samplingsto] 3D object detectionS =
WS UTE PolarDETR[34]2 surround—view 7}H|2}e] view symmetryE inductive bias
2 o|83}o] B WEA optimizedtil HEIHAE FAFA7]7] ¢5}9] bounding box EHE

Al nerwork prediction®¥} loss AlARE 3E3FSE polar parameterization S Aoty

PolarDETR[34]2] polar parameterization([34]2] Fig1.)
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image A=} BEV representation®] A=’} memory AFES Eo]7] Y3 AgtE
ol mele] A2 el aet,
2|2l o]# dense—query 7|¥F WA memory ol dAsh] 97t @& H4-E0

AFPEUS. 7 @ol ARSEE ¥R image AA|o| attention AAFS Fdsh= 7]

Aol attention HAF THAl sparsedt Yx|of|9t attention HAARE $~35}= deformable
attention[35] 22 hA|5t= AYU Tl BEV segmentationS $-3Y5t= @ QIBEVSegFormer
[36]2} 3D lane detectionS 4=3Y5}= PersFormer[15]9A]= view transformation ®E
o] deformable detectione Z-€3<5UTF BEVFormer[37]9)| A= view transform H&
ol oly2} deformable attentione A]ZTFE multiview camera®] image feature®}

dense queryAlo|9] interactiono|®= ARG T

Dense—query 7|8t BFAIQI BEVFormer[37]([37]2] Figl.)
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Image columnz} polar ray2] 1:1 thSS 7FHgt Image2Map[38](E X : [38]2| Fig1.b)
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b A EA T o] sparse queryS 7|HEC.R BF HFALS object 49| taskE A0
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o= AssHA] SH5Ut) olF ZAsH] sl PETRv2[39] oA+ densedl segmentation
query®} sparsedt object queryS Zo] ARESl= WS Bi5lo] BEV representation W

she s
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