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Segmentation

27l (category) sk SLfIlI D
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> & KISEGPBIRAIZES!
ERMMNEER
(classification
+ localization)

> 98 WEGRNRERIER, B
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O SR EFRNER, EREHR=ATTEK:
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> FINER (two stage) : EiSeREAER—RINEARANIRISE, BEd
GIURE MBS T A DR, BUAEAT
Faster R-CNNZFEZ,

> EBPiEZ (one stage) : FNEEFEIRISE,

/3

H

I3 (Regression) [BJ@4ME, ENRNE

5R-CNN, Fast R-CNN,

BEEF HIMEEMAYAEREE(L
7Z8YOLO, SSDFEE,




Object Detection — two stage
E AR —RIWERAIIRIAE, BB SRR TRAD X,

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Bbox reg || SVMs
Bbox reg || SVMs % b

Bbox reg | | SVMs

ConvMet

ConvNet

Girshick et al. CVPR14,

Apply bounding-box regressors
Classify regions with SVMs

Forward each region
through ConvNet

Regions of Interest (Rol)
from a proposal method

Post hoc component

3

Az

STIRIRIRAE

Resize 4 & E A /)N
CNNIZEUHFE
FSVM4&y2

B e Fbbox[E 3B EI &

e A

TR

1. SERME R iBigSelective Search
RE A REEEregion proposal%
K20000M K4,

2. BMEERFEEFHITTCNNIREE
+SVMarE, ITEERK, SER-
CNNi&WEERIE, —KEFE
47s,



Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

fully-connected layers (o, o)

fixed-length representanon

—— e =
[} _____ ey )] —— NS TS L ==
f | 6=256-d # o 25l # 256-d

TR = : . " B
P # F
V= A

s
i spatial pyramid pooling layer
feature maps of convs
{arbitrary size)

comvalutional lavers

input image

L=

1. AN EERI—XETRIFIE, REHEEF
M&E EAE (AR Hresize) frfeature map
b &Fpatch, Kitkpatch{E A&/ MEIEENS
FRASE I NZISPP layerflZ IFHIE, SER4E
ERRE T1E,

2. EETEEFEFTELILCNNSBIZ R
E#HAN. FEBARSTZER, SPP Ol
FEEEA N EE o UFEAR—EGRA
B R~F(scale)fE &N, BEIRHKERIM

{CHFIE
Out




Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Fast R-CNN (test time)

Reglons of
Interest (Rols)
from a proposal
method

Fully-connected layers

"convs” feature map of Image

Forward whaole image through Conviet

Input iImage

R-CNN Problem #1:
Slow at test-time due to
independent forward
passes of the CNN

~

\

Solution:

Share computation
of convolutional
layers between
proposals for an
image

=

> ZEASPP-Net##RCNN, &5
—NERERMT —1ROI
pooling layer, T PI3EARE X
INEYEI NS B — M EERE
HSFEE) = o

> fF AsoftmaxBEHSVM K, &
i) B 2RSS0 5k sk B A AE (]
UFBANNE] T &R, IXFEEE
M 2 B im e wm Ay (BR &
region proposaliz B EX)

TR A

> MR R RERAE
3F & ZR A



Object Detection — two stage
* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Probability:
* Softmax layer as the output layer m1>y,>0
mYiyi=1
Softmax Layer
3 : loss . /&, .
el 20—- C — .VI :e'l Ze";
j=1

012 /3
o — -1;2 — e"f Ze-;
j=1




Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

classifier

pl-()p{)y

Region Proposal Network
feature maps

conv layers ,

25
JIL

S

N =

FE:

FEEK B F X ACNN, T4 IR ER,;

fiE—FEH&TRfeature map_LiBIZRPNAE ffregion

proposal(f&iE4E), AR ROI NN ERES.,

iBiZRol pooling ZFEBENEIWNE O A K EE K/

feature map

WL IEEEE (FC) B IEREZE. H{ENER

HEBMFCE, §mMmdmE. F—MEnk, FH

softmax, £ _PMNEF—FMbounding boxiZHE[EF, Fi

FASoftMax LossFISmooth L1 LossXf4> 2 ME 2 L 4E B I3
(Bounding Box Regression) BX& 1%k,

R=

B T IREEE XIS I NERPN, RE T HBITAIE RIS

Z Selective Search, {FE&NEEKRERS.



Object Detection

* Two-Stage Methods’ Pipeline
* Inference: Inputs --> CNN --> Proposals --> Select --> CNN --> Outputs --> Decode --> BBoxes.

roi loss

Decodel —{ ROIs H CNN2 HOutputzHDecodeZ}

!

rpn loss [ )
Outputl Inference

(S J
A

'




Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN
RPN fZE : MBIERPLERBISIE, AR ABISIEDF4T.,

(1) $51EE . BlREICNNEE]

(2)BohEIR: HEATXHFHIERM 7 —X3x3HY
SIRERME, &REBEIT— 1 channelZ{BE256
FOHIEE], RIMAEEEEER, FEIMRigE
256 x (HxW)

(3)k: FEE LB =X N RE PRIKMEIE, 45
IEEIZIICNNTRAFER, RlibE— 1 RaitE
[REIF—ME, FlanEGHT 16X TRiE, 3B
ZSFEE_ E— 1 R RIREH16* 16K/ MN\YTE.
LUXMERIFORIERTR, IREFKIME, ]
NHERk=9, RIZERESRNSFEERAIH*W,
M M E[RE A MiZE H*W*ONME,

FERZRTRPNREMNIRE, — MFERSTEIELE, S5
2564EHIE, ARIBEERIR 11 BFUSEIER 2K N D EFNAK TR,



Object Detection — two stage
* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Bbox Regression

tr = (1 — xq) fwa, ty = (y — Ya) [ Na

tw = loglw fw,), ty, = log(h/hy)
te = (7" — xa) fwa, by = (y" — ya) /D

tr = loglw” fwy), t; = loglh® [hy)




Object Detection — two stage
* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Select proposals

Each output prediction is:

In the previous step

NMS

loU =

%"_);.,,,
byJ

i)

Discard all boxes with p. < 0.6

While there are any remaining boxes: A
&

* Pick the box with the largest p,
Output that as a prediction.

* Discard any remaining box with
IoU = 0.5 with the box output

Andrew Ng




Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN
ROI Pooling : BAJIRIAREEINR ERAIREE, BHNEEA YR

g

onE o
085 | 0.84

o

_ ;I |" -

- ....
=

region proposal g2z EiE 1SHKSA (2*2) 4sections ({RighahiRIg2*2)

0.86 0.88

| X/ sectionfffmax pooling




Object Detection — two stage

* R-CNN vs. SSP-Net vs. Fast R-CNN vs. Faster R-CNN

Test time per
image
(with proposals)

(Speedup)
mAP (VOC 2007)

R-CNN

50 seconds

1x

66.0

Fast R-CNN

2 seconds

25x
66.9

Faster R-CNN

0.2 seconds

250x
66.9



Object Detection — one stage

FHRETERGE, EEEEMEEMRY@EHL AT (Regression) (AR
* One-Stage Methods’ Pipeline

* Inference: Inputs --> CNN --> Outputs --> Decode --> BBoxes.

k-—’-
»
A

loss

—{ CNN ]—v[ Output ]—» Decode

Inference




Object Detection — one stage

* YOLO vs. SSD vs. YOLOV3

I
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VIS e we—y R NN S

|

L . i, = 2
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%ﬂunding boxes + confiden

Class probability map

Az

1.8 N— P ANEGR, 8 BERE D
7% 7B 1%

2.3 TN Mg, FAVERTUN 248 4E
(BHEsMIESEHNEEEMEST

WEXEESZDER EAOHER) | M

HEHy B (L +4+cls)ME.

SARE L —L T TN L 7% 7* 24 B iR E

O, ARRESEEERTE M LRIKAE
B O, RENMSERTEE ORITT
R=W

YOLO¥ B #rte M S5 i — > = 3 [8) =1,
ARINRTNARE, FFYOLOT MUEF
FHab T4 E 1%

R

7% 48 T Region Proposalffl&l, REEA7+7H
M 4& O I35 B ir A eE IE BB ERNELL,
Xt FETYOLOMWNEEHARES.



Object Detection — one stage

* YOLO vs. SSD vs. YOLOV3

Extra Feature Layers
VGG-16 f A \

———— Classifier : Conv: 3x3x(4x(Classes+4))
by
\ \\ \\ Classifier : Conv: 3x3x({6x(Classes+4))

\ \
N\

300

74.3mAP
59FPS

19 19

(FCE) {FCT)

Convd_2
Conve_2
19 13 7 . E 10_2 Convit_2
-—’
1024 1024 512 256 256 ‘
: 3x3x1024 Conv: 1%1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-82 Conv. 3x3x256-51 Conv: 3x3x256-51

i
I
|
i
|
|
Comvd_3 : Convé Comv? " 5 Conv: 3x3x(4x(Classes+4))
|
|
i
|
|

L
”

| Detections:8732 per Class |
| Non-Maximum Suppression |

A" 512

|
8

-

\ YOLO Customized Architecture
dd
i
I
I
L
448 l\ | :
S | 7
\'\ | an
] N \:_ 1024

Fully Connected  Fully Connected

Image
300
hd
b
by
n
Irruage

63.4mAP
45FPS

YOLO

l

Fs
3
s
Detections: 98 per class
| Non-Maximum Suppression |

itk

1. WmA—IEER, ILtERE
HERMEMNZE (CNN) FRE
YA, FAER feature map
2. HEEAFNEMfeature
map, RIEH feature map
HEN S AR default box
(BEBNINEAR, EEFITR
#H)

3. BERKFEFE default
box #EGEFR, TIEE
NMS (HRXES]) &, HH
ﬁéﬁﬁﬁ_}ﬁé’\] default box, F#;




Object Detection — one stage

* YOLO vs. SSD vs. YOLOV3

J---J-
’ '
iy Intuiaty L IeiN
L : '
- =1 | | [ ———
S H-——H, Lo : ! : [ : :
) T T | |.I L
aiLl (] -1 B
{:_‘Jr_l L‘.'L::il_ . Ep—
- P | I o _ 1z
|-:I =) II: -’). []
- - I-
[ Yioc: Alcx, cy, w, h)
T\ conf } (c1,¢2,- "} Cp)

(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

£ A Faster R-CNNganchor#l#l, FEAfiX4anchorZ7 % {Mfeature map k, X#TJ
UFI %2 BB F B B A A R Z REARR.



Object Detection — one stage
* YOLO vs. SSD vs. YOLOV3

M E LE
/ ﬂ\‘\, 36 61 91 /
.‘ f \I _f/. | ‘ /
o | | 4 79 / o |
gt +H e .e ( B (x‘“
{ | \
Ad 82 l:‘l :

idual Block

ale
94 Stride: 16

X F AR R
BT RIS

YOLO v3 network Architecture

106

YOLOV3 #u#
1. #FrRIMLEEr¥gDarknet -53
B TresnetfyEAE, EMLZIIN
THRERR, XEFEEFTRRREIRM
EAEER, B0 RERRBARNS
FREF0— 1 shortcut connections, &
MVIEHER, RBBCENSERE,
&R TR BT IRESTRAIstride
JI2RIREIRY,
2. YOLO3E#H— XA T 3N ARIRE
s s BN SSAE ISR TXISAGN, BEGEHENIAY
B E INAR ERVEFE.
3. BIIXIEURER L4 HE



Object Detection — one stage

* YOLO vs. SSD vs. YOLOV3

X
\ 4
7 weight layer
7/ relu
—i Y b2
weight layer 1 .
' B RY identity

FEML, SHEE, FHERREENE

B3 FHADS
BT RIS

ZE5 TRE, ERMNEE7IER,
ZETAINEENERESE—
MREMNCNER., Bt NAER,
XE RTINS IERBE32EZMT
Xtf, b AE416*416H91F,
XEMRFIEEmMEL3*137T ., BT
TRERZHS, XERFTEENREY
Fitg K, EbEEeNEGRFR
SRR KIXNER ., A7 RIWENE
BN, E79FEMNFIERX FiRE
FXR#FE (WN79RTEFR EXRES
R, AeS5FclEWHIIEME
(Concatenation) , XIFEBF|FE
ILEEMNEEIEE, BEEEE
N EREEEIHENMARGRLI6
FETEXMHENELER., cEFHEF
ENRERRE, EE5NTERERN
PO 38



Object Detection — one stage

* YOLO vs. SSD vs. YOLOV3
B4 R EHAE

@.75

Avg I0U

123456 7 8 9101112131415 '
# Clusters

Figure 2: Clustering box dimensions on VOC and COCO.

S E 13%13 26+26 52#52
RRE F. ) I\
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Object Detection — one stage
* YOLO vs. SSD vs. YOLOV3

WEEREE
output DIELR A WREFE
| 4
13*13*3*(4+1+86)
—
input B 4

13
2 {%L%ﬁl 26%26%3(4+1+80)
Il T I\
[REEe

CNN(HEER)

16 £5 T K4

26
26
2 ﬁ.%ﬁéﬁl
52+52x3%(4+1+80)
8 T RM -
52
S AN B R
52 (4+1+80)

NF—M41e*41cVm NER, T
MRENFIEENENMRIEES LR
E, BRIEF 13%¥13%3 + 26*26%3 +
52*%52%3 = 10647 NN, 55—
N ZE— D (4+1+80)=85%[EE, X
PN8SHhREVZNELSLIR (4P EUE) |
WEEEE (I7M8E) | SREANRIH
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Object Detection

* One stage *
L=
>R
PR E B R
> 5 S R IR Bz ACHFAE
R

>BEARCEL, &)
> 1|NE FRia N R R AN G
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Two stage
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Object Detection

» r¥EFR: AP(average precision)

> FN: False Negative #AIEAGFA, (BEL ERIFHFA,
> FP: False Positive f¥FIFENIERA, {HEL FERMER,
» TN: True Negative #FIENREFAR, BL FHERER,
> TP: True Positive #/WHITFAIFREAR, ZBSC FBEIFHA,

> precesion : precision - ——— - ——— B, IOFRERF, (RASRIZAERIRER
(BEINFHEEZEP) PEIEANIERIEE,

> recall: recar = 0o 0 B, RZEER, (REMTAEREAARSTALE
Y, LARBBEREMRERTHRIFAIRTAREZSLE EZIER (FN) FEIEASIEAYH

> AP: iBrecal| ZpkiEER, precision=pkctR, BIRI{EEIE BHRYprecision-recallf
2, APJIHRZLE BXRIERR,



Object Detection

» r¥EFR: AP(average precision)

Images  Detections Confidences TP or FP Images Detections Confidences TP FP AccTP AccFP Precision Recall
Image 1 A 88 FP image 5 R 95% 1 0 1 0 1 0.0666
Image 1 B 70 TP Image 7 Y 95% 0 1 1 1 0.5 0.0666
Image 1 C 80 FP image 3 J 91% 1 0 2 1 0.6666  0.1333
Image 1 Image 2 Image 3 Image 4
G: 1 Image 2 D 71 FP Image 1 - 88% 0 1 2 2 0.5 0.1333
Image 2 E 54 TP Image 6 U 84% 0 1 2 3 0.4 0.1333
Image 2 F 749 Fp Image 1 Cc 80% 0 1 2 4 0.3333 0.1333
Image 3 G 18% TP image 4 M 78% 0 1 2 5 0.2857 0.1333
Image 3 H 67 FP Image 2 F 74% 0 1 2 6 0.25 0.1333
Image 3 I 38 FP Image 2 D 71% 0 1 2 7 0.2222 0.1333
—" & e 5 o il Image 3 91% P Image 1 B 700 1 | o 3 7 03 0.2
Image 3 K 44% FP Image 3 H 67% 0 1 3 8 0.2727 0.2
Image 4 L 35% Fp Image 5 P 62% 1 0 4 8 0.3333 0.2666
Image 4 M 78% FP Image 2 E 54% 1 ] 5 8 0.3846 0.3333
Image 4 N 450 Ep Image 7 X 48% 1 0 G 8 0.4285 0.4
Image 4 o 14% ep image 4 N 45% ol = 6 g 0.4 0.4
Image 5 p 629 ) Image 6 T 45% 0 i3 6 10 0.375 0.4
Image 5 Q 44° FP Image 3 K 44% 0 1 6 11 0.3529 0.4
Xﬁ% __.>K jj:7 g‘& IZE] )ﬂl_‘ 1 5/\G-|— ( Q% éﬂ:f: ) Image 5 = 95 -0 Image 5 Q 44% 0 1 6 12 0.3333 0.4
R X ’ l 2 ’ : - |
a5 5 2738 EP Image 6 v 43% 0 1 6 13 0.3157 0.4

24NTRMBBOX (L tHE) , WFE, EhE o, -
g3 BE N TN AE J& T K I B AR L moges U s e Mees L 0 1 & 1 om o

Image 6 v 43 EP Image 5 S 23% 0 1 6 16 0.2727 0.4
Image . 4 ) Image 3 G 18% 1 0 7 16 0.3043 0.4666
Image 7 v o5 o Image 4 o 14% 0 1 7 17 w2d16 (LSToH

’ Precision, Recall



Object Detection

» r¥EFR: AP(average precision)
11 =Hh(Ex

max

= FFP(IW.I{}IF‘I i Rffﬂl' Curn'e
> recal precision Class: object, AP: 26.84%
0 1 1049 = ® 1l-point mterpolated precisor
—_— PECrOn
01 (0 6666
] = a8 {
0.2 0.4285 |
03 04285 “A
_ o84 /
0.4 0.4285 3 !
U
'::"_-:* 0 EL':"'T ] . .. _,.-T
06 0 "
0.7 0 0.2
08 0
it 0.0 4 L] L o . L] .
09 0 L
} 0 0.4 0.8 0.8 1.0
1 A e all
|
]
s Il.f = ﬁ E j'-'|5|1,-|-i, ¥
" P .:.| i | |:
1 . : .
\P — (1 + 0666604285 +- 04285 +04285 +-0+0+0+0<+0-=
11
AP = 26.8¢
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CAT, DOG,

1. algorithm:
Faster R- CNN, MaskRCNN, YOLO. SSD

2. input:
RGB images

3.output:
2D boxes. classes. confidence

1. algorithm:
3DOP, Deep3DBox, VoxelNet, MV3D

2. input:
RGB images. LIDAR

3.output:
2D boxes. 3D boxes. classes. orientation. c
onfidence
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) ®ilT, EODEEE R BT, ERR B REZ TR YIE

3) /NEiR, HENBAERRX/N, BIRERSBRESRD

4) EEREFS, WENFEEAR, EENNFIHEE, REANANFEITRREE,

N E 7=
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5) SRRAREFER, 20BN THIEIEFEEEHE
REE RS




=BG EAR

w®»  WUHAN UNIVERSITY

- RIBERSRTEMASIENAR, JLAS=4BREND AT
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=BG EAR

IR

BR =24V

R = e
B hEETE

Ak

L

Deep3DBox [24] Multi-Fusion [36] M3D-RPN
. SREHSEMLIRE i i |
CNN < 2D RPN 2D RPN e+ Depth ZFE]F_’?\ID
. IKERTFRILE e L ¢

‘ Cloud Post

= ? Optim.
. itES, sp— || e i

i 3D i i 3D i i 3D
: Detection : Detection | : Detection |
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M3D-RPN:
- (VBAREERETEZHRNERERERS, FEESHEIUIKE
v BEREE: REGRIERABBRSEMER LSESIIL

- {KERFIILE
v BERFE: (EAHRPNGHE, [RIAYSEI2D,3DBRE

- ITRSE%R, 8l
v BBRBGE: WEIREERSR, 522D,3D5ciutHt

IHlI
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EF RN =4S

O M3D-RPN

2D dimensions

2D / 3D Anchor Formulation

: 3D dimensions, 05,

. 3D — 2D location




WUHAN UNIVERSITY

BT BHENA =48
O M3D-RPN

Dense- Net
k=3+3b=1 k=1+1b=1

'_ _hm _, class
i — [txtytw.thlp
3D-2D
k=3+3, b=32 E=1*l.h=§§ TMETTY mERRE T [botvtz],
- ==L — [tw.th.tht0], —
512X1760
-
B Jti@idDenseNetfE AEAMEIRBUSIE, REFTAFTHRES X, —BAEESRER, XEZHNRE
BBFrREREE, —EoEHAZSEATEIR, MBS X Biriyi#iTo X M2DEMIDEMNEH, AF1E

EBFINNEN RSNV B EHTINELES . BRMASYAEREAERNEE, £HA—DEIALIE
BEANNRBDERZEEGR L, Stelf2DIELLE, AR e .



G #it 2

WUHAN UNIVERSITY

BT BHENA =48
O M3D-RPN

W

=

Figure 3. a Figure 3. b

%] 3: Depth-aware 457 H1 Spatial-invariant {&£5

R E AN E T (Depth-aware) £ 4 B2 X BRI W28 (RPN) A S RAFAE I 2= [ R A —Fh 7 3%, a0
E3.af., REBSED, BHEARIEERTS ANEE, WENEXTEABENSERZ, 5
ZHENZE B AL EIRE3.bMELL, RERFMAZEMEZESF A mss P EEMW A9 JLE—2
M, HENEEAEREETANENETENRE.
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EF RN =4S

O M3D-RPN

Default Anchor Target Box

transform
Network ‘I.‘
Outputs I
(per box .
:L’i? =zp + th'P T Wap, ?Ug[) — exp(t'wm) " W3D;
"LJZD = Tp + lzy - WD, win = exp(thn) " W2D, yi’ =ypt tyP hao, I3D - exp(thm) I,
Yop = Yp + ty - hop, hyp = exp(thy, ) - hop, Zp =t + 2p, l3p = exp(tiy) - l3p,

93[) = ﬁgm + (93[).
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B SR =i =4 B iRt
b Ao tE Sk

> RPFEPTREAERXY)=ZHER,
BLEXEIERGBER, RHFBEFE
B, BAELRHETENRERES, o
T B EMDIE.

> REAELTRFY, B, 2%
FILHERT=ZHEDERNN == 1%
B3R,
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VoxelNet:

- FGITHEFERIBIUESIANT—ME
BRI HESSPRBRIAZETE

v BERBE: ST T — MR SISIE
REMQERZE, BEBRBITESH
aR3DIRIER

VFEE AW FE IS FASUELARIER
* " \Eﬁlﬂlz i‘-l-%g

v BBRBGE: 1BE T — NG AIgEFR

RIS AESS

#hzw, BHLERUhF

BRERERIFIHEE S,

dd

H3DIRIE

#mt3 (VFE) =, CHEBENE

wEZH

PILEESE, SEIEERS
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VoxelNet:

Vouel arcunia Random Stacked Vouel Sparse 40 Tensor
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VoxelNet:

Point-wise
Input

Fully Connected Neural Net
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—HRVoxel PRI=PREITFCNISR
Point-wise feature, F{ssFHMaxPool
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VoxelNet:

128 Block 1:
Conv2D{128, 128, 3,2, 1) x 1

Conv2D(128, 128, 3,1, 1) x 3
Block 2:

Conv2D(128, 128, 3,2, 1) x 1
Conv2D(128, 128, 3,1, 1) x5

128 Block 3:
H Comv2D(128, 256, 3, 2, 1) % 1
8 Conv2D(256, 256, 3, 1, 1) x5
H/2 256
—_— —p 4 —_— H.,:‘ —_—
W W2 W'/4 W'E

Probability score map
2
Conv2D(7T68, 2, 1, 1, 0)x 1

768

Conv2D(768, 14, 1,1, 0)x 1

Deconw2D(128, 256, 3,1, 0)x 1

RPN Network

Regression map
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O Frustum PointNet
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HFRGB-DEIRA=4EBRtE

O Frustum PointNet
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O Frustum PointNet

Try to align points by translation such that their
centroid is close to amodal box center
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Frustum Pf'upmml' 3D Instance Segmentation : -_ Amodal 3D Box Estimation
2D object binary classification of estimates the amodal 3D
detection each point bounding box for the object.
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O Frustum PointNet

Amodal 3D Box Estimation PointNet
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(object coordinate) (object coordinate}

* Output: 3+4*NS+2*NH
hf;;diﬂg residual (B)

center residual (cx.c.c;)
' heading classify score

size classify score
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center:
a “residual” approach

Cp?‘ed - C’r'nu:sk s &GI—?LEI o &Cbﬂ:r—w,et

size & heading angle:

a hybrid of classification and regression
formulations
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Easy Mode Hard Easy Mode Hard Easy Mode Hard Easy Mode Hard

Mono3D Mono 30.50 2239 19.16 522 519 413 25.19 18.20 1552 253 231 231 -
Deep3DBox Mono 30.02 23.77 1883 999 771 530 27.04 2055 1588 585 410 3.84 -
M3D-RPN Mono  55.37 42.49 35.29 2594 21.18 17.90 48.96 39.57 33.01 20.27 17.06 15.21 0.16s

Multi-Fusion Stereo - 53.56 - - 19.54 - - 47.42 - - 9.80 - -
3DOP Stereo 55.04 41.25 3455 12.63 9.49 7.59 46.04 34.63 30.09 6.55 5.07 4.10

Stereo-RCNN  Stereo  87.13 74.11 58.93 68.50 48.30 41.47 85.84 66.28 57.24 54.11 36.69 31.07 0.3s

VeloFCN LiDAR 79.68 63.82 62.80 40.14 32.08 3047 67.92 5757 5256 15.20 13.66 15.98 -

VoxelNet LiDAR 81.97 79.76 77.39 77.47 65.11 57.73 0.23s
MV3D LIDGABR+R - - - 86.55 78.10 76.67 - - - 71.29 63.68 56.56 0.36s
F-Point HDAR+R - - - 88.16 84.02 76.44 - - - 83.76 70.92 63.65 0.17s
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