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PUDet: Advancing 3D object detection with generative upsampling networks

Xu Limei,Zhou Zhiguo,Zhou Xuehua

(School of Integrated Circuits and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: LiDAR-based 3D object detection achieves superior performance. However, the unevenly distributed point clouds on
foreground objects can weaken their geometric representation. Meanwhile, far-away objects typically have very few points, which further
impairs detection performance. In this article, a novel framework PUDet is presented, which integrates generative models into
discriminative detectors. A point cloud upsampling network is leveraged with prior knowledge to enhance the geometric details of
foreground objects, aiding the detector in achieving more accurate prediction. PUDet incorporates two key modules: LDEM for nearby
objects, which optimizes point distribution while minimizing computational costs, and DDAM for distant objects, which increases point
density to better delineate object contours. To evaluate the optimization of geometric contours, the uniform loss of close and long-distance
targets before and after enhancement is experimentally compared, showing the efficacy of LDEM and DDAM. This article also displays
the attention maps on object point clouds, explaining the observed accuracy gains. Experimental results on the KITTI testing set show
that the proposed framework improves the baseline CT3D by 1. 84 mAP, confirming the effectiveness of PUDet. This work introduces a
novel approach to 3D object detection, enhancing precision and reliability in object recognition for applications like autonomous driving.
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Fig. 1 PUDet framework

2.1 HREEEFER

T A Sh 2 337 5 PO TR IR S S R TR
Rl zsa], s K e S5 8, A BN RS s
STt TG 2E Y L oRAE K AN TR e 5 | A KR IUAR R B
THAETHE BRAREE R SRR, —Fh A S50 SRS
I FH P B BRI 2 b DX sl 22 I 28 (RPN Frfn 45 28
WA 0T RE B F S RS A [X 38, I 4 Hh i
Sz, S RPN AR DX Sl i Ar AR AN 4
SOENIRZESE A BT RAL TR TR E R
S SRR R A 05 B HIURS L R AR T HARIX N . AR
FEF MR T T AR X BB AR, 3 i A SR X B - A
A PSR A AR A DATE S M ARV AE R B AR R =
FEHRE DX S8k N 057, 2 B 3 7 MR A T B AR 285 R,
JE 825 ALY bR BRI R A AT RS

FLASR, FIR DX R 1E A e A 6 AR X S B R
3B N4 JERFE 2 s TR

1) AR X IR E . % & 2] RPN AE iU A w1 4R 3D ik

MEFE 28 5 AE i KB B0 # ( non maximum suppression,
NMS) Ab BRI, AR BB AT AL 25 BRITT AR AR ZAE , (H 77
FAY G R DX ( Rol) 77 ME AR B P2 58 B A T 57 H A,
JeHIEAE AARAE B ML M s A 5 B, A T Hg i ik
DX S8 B bk G0 S AR S B AR AR S AR 3L
R IHERARXS Rol XSRAEAT T 9, HAASRL, X T4
AMEBE X I, roi_box, , HH AR BRI (&), 20, R5F R
(It b0, 5 S TERRTE RE DR £, JEF 220

L)

K o WEBSE FORHARIX B R AL
NI ETPHEN S p = (v,y,2), HIH L
H(2), WZAEBAN roi_box, W E ZEAN o
(x =)+ (y -y <7, (2)
AR e f 12 DX kA T A = S R 45 B R AR
Pl kIS B Rk X 8, A R T RPN i




8 1

VFIIAE 45 : PUDet: 26T A2 i ERAEERIZE 64 3D F ARG 7 12 231

W15 25 2 H AR 1 2 0 = BT R R, $2 7 1 i = iy 58
Rk FOUR HRRARAEAKCOF Jr 1) B A6 T8, RE A% T 4 b
TE N H AR AR A 2 1 s e A S RS AR I A
BERAARTE i BE 7 1) EASSZ BRI bk A% 48 3D 3 AHHE ]
HBR 2001 22 5 T S0 v 2 4B DR )00, A O B A TS TR TG ¢
MR CREOR B N IR S0 s s AR SN R
ey NBHE

2) HIEN 5T RFRAE 1 TWOETH K AL = 1 % BE Rl H
I 5 B T ) B AN [R] H A S0 P Y a5 s B
FETE 28 5, IS H AR A & K& S =, T A
S E AR R B X TP AN S A AN 2 b 3
LSRR X 1R 5 B H AR B TUAR IG5 , LA SOHIR % B H
FfE BT 78 T IR IR . Rt AR Btk
— X PR ERU AR DXl = R AT B N SR A, DA SE
IRET R Y A 2 1 R R

BRI, B8 s = B0 1 S N i s T01_box, AT
PLOF A

() roi_box, WY i 2= Bt M o Nxample( HEHET
FITEBL ) WA H 5 D38, B roi_box!™,  FH T HT 5t
XA RO, M2 A 2T RBUIRE
Bt 2 JF R0 5 AR PRI SR ] e R AR B
FPSamping, AV, RHE N, A A ELEAIN ]
e FBEALR AL, FPSamping 7E 55 = 4370 ¥ 5Pk E B A
RS BRI A 80E w5 B AR R B AR T TR
DX, DI DR 3SR 19 0 = AT SR B % 5 3 3238 H
EOPIREEST A

(2) 7% roi_box, W M = 5=k T N e A4 3t
A5 DX, B roi_box™ . H 38 HIT 5t XIS 5 AR Bl
Wi , i — D RAE S R EOCH G B 2K NI B HR 5
HBAN, MERLSE N,

IS A SR AR R B & 1 R8Tl )
TS X ITE R R S5 AT BE O B8 52 8 1 T LT 45 . T2 i
S DX R 08 A 2 A DA SE 43 ) 3R A G SR A A A L 1Y
LR T RMEE T b — PR A S = A, (AN A Y
5 H AR B8 T 58 8 04 JLARTHREAE DT B2 4G I )
W SR EE,

2.2 mabRERE

W 1.2 95508, LATE B 90 O 22 A,
S5 oz MR I FRAE 38 2o PG G 3 BT B A b 42 A i
#FEAF R . R, 3% 8 7 B AR M 268 Il R i s 20 47
Kot 52 A IR T Ak 3L, 3 oy AR T 22 A R AT 14 %
FF BT AL S A AR UE I, BRI T A SRR s
EAPE . ARSC Bl 5 ARG 1 38 e g AR Y e i
HAE R FRAE R 2 D 3 v 9 77 AT R s Ak
IR 2 A OCHERHL 8, 23 R X S s B A3 A A
A 5 0 A ] A AT X 34 i, AT 4 T A s B JLAR]

T RIS H Ak PERE, T, B SRS s b
SR IR 245 (1 S BR AL R , SR J 4 A J 8 4 A 346 S S B A
PR B RR A | LG R 70 0F = s LA E R

o FORFE B e a2 2 YN 2R 0 TUAT RS AE 43
At 4265 78 B T 1t 2 e A Sy %85 8 T v EL T IOHE 448 1) 251
G LUTTRS 40 b 1 3R W A R T 0 JLAR 2548, 3X — 1)
AT b 5 B0 73 BERAT 55 280 A 2 it © A /Y
B 341 X A i R T B R AT 40 A (H S = B
SE= iR WU e o e S M 1) L o O A A
(i) PR U] 3 B2 HE AR ZR AN TR] 0 B AR 2 8] 43 A7
k= WY A FNAS 1, M LA e 1 P A% 498 5 T 0 D) o 4
PRSP, AL, S 1 B i A )5 = 4 H B
B LS JUART 28 ), 3 2 S e AN S 2 Y A b % E )
F A0 T LA S5 46 RS Hh Be B 1 R R A 4 Ry JL AT Ry
fEg3 A, ARG LR S A B — 3k, I, i
SRR A CoME ASTE T B DA TE 5 ELAS HL D) f) 8k v 2
ARE Tz AR LT RN

Grad-PU F 38 5 —Fh P B Be i AE A e 1 Bk s
= FORFEH I SR ) B LR TR I R A
Fh 2 AP IR AR R L BLAS 25 6] rhoi ) v s Al B X
A BRI PR = AT R AR R 25 8] rp i
Y X AEAFRRAE 2 2] (28 5 LR FEREH A 85, AT 32
FRAT R R R R (B S RS S5 = 5 i e B R
L 2 Z R A 2 S AR A 8 I B 0 A ) R, D S5
IR AR TNES 14 i A RO 38 G2 6 T A% 5 7 b IR
Al o7 B Ak 1R 25 T BT M A )

HAARSRUL, 4 — s NS EP = {p o,
W R B2 A l— M8 N AR |
951, FLS R AR = (g, 7, JEof - 2 L RRER,
T2, A S 5 B A B IR B R PR AT 2
) - %% B g, HAKHE X TR— 1AL p e P, 5E
g K P40 535 (K-nearest neighbors, KNN) £ B [G %5 [1]
WS R R HAR AR S

Pu(p) = {pisp2spid (3)

Bifs , Xt A A AT p 5 AR BT AR A R 1 B A
pr € Pul(p), HE D GE B B

P *p

Pinew = > Vi € Pulp) (4)

FEMG T R A BT Kt ) 2 A (A SR T X 2 A
P ST AT FEAETCAR BRI Ial B, DR ot 3 3 A 37 o5k
FE (FPSamping ) #f — 20 M 3k SE48 (i Pkt i B AR

PER) rN A SV ZES SR AP,
P, = FPS({]%,VP, e Pup),Vp e P} ,rN) (5)

WIS 3 20 S = P, A SRAF TR B A



232 & L £ ¥ W

46t

a3 AT AN P4 4 TR A, 5 2300 e R T 20 RO 4 L A o7
PEATRE— B IE, IEME S R BT B P, N T
SEIIX— EH A, AT LUK s 0 Al A Ay — A AR
), BRI AR P, 5P 2 18] 10 22 S fie /MR B 20
T HARGE . BARTE X T S A s AP,

IR p, E XS &R ES S = P, Z 8 5%
SRS R, B
F(p) =min lp=pl, (6)

X p P, 5 p BEERIE IS || - |, FREULIE
FHIER, AR T TN = 4E s [l ARAR  F (p) X —BEEY
PRECE R o>, HICH R I AR Rk, 18 T
RIS, Al R 00 F bs R i g kR il 240
/NP, YRS P ZIHI F(p) o K p BIRLE B AT

RHATE S AR 2
B2 O e M 46

Fig.2  Point-to-point distance network
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DX L AT A5 2By 58 8, G IR SR ] R i R R
( FPSamping) M\ N Hifi Bk N rerpn A~z a4y A ¥4 H
FEEE WA, LM R = 128 (8] 504, 76 Ok B OB T L]
ST R [RIET kA T AN BT TUARY s T 2 LR A S 1Y
SRR RRIET N, 6, DU 2 D A A 5
JEZ B2 b oRAE T3 /2 AEA T o ok ) J L) b
G, FEIXFMELLT , Ao L o 2 i A4k B 1) — 8ok AR S
TFIEHE (rero-pad) FAEAL SO N, LA i
i AR XS S = BB AR 58— M HEZR T b 47 )5 2 4b
B, iR AR
(FPS(NE N
e ZeroPad(Nfﬁ",N(m”[m) ,

‘ N f/” ‘ = N afterpu
ING [ < N, afierpu

(9)
2.3 REXEAHMLE

TEAREX Rol X3 N & 3 s i s = &, AT 25T A
EEBA ZHr B 3D HAbnkaill &5 H i o X1 i 45
X R AT RFIE B B, 9 58 i SHE Y 4325 5 (8] H )
1145, FEARSCH  BORER T CT3D'™ | 20 vk v Sl a4
B DI SRR AE Y G B BIL A o 28 DXt i oy R
fiE, FEULIERET 55 T i 1 RO B A B (R R =
HEAB PR LA T T USSR R o X 204 55 foe 18 DX Uy
AE R A B IS Bl s A 328 38 18 2 A Y Transformer 4544 |
Z S RES A4 10 = ZIA) 52 20 T 2 6 1Y b SO G
R, DT AR R 2P AR A ARG T 45 23
2.4 %%

5% BREL (loss function ) Tl EAF R TN 45 51 5 A
SAH Z TR 22 5, O3 5 0 BE S A5t 5 1 ) 48 S5 Ak
Jita), LB R TR e . 72 3D H AR AT 55, it
R PRI B H 43S 4 % R [R5 45 2 7 4 2 B . 43 2R
ST T H A 9 26 S0 sl A7 A T RE 45 28 TR
bR 23 [E) 52 8 RS K5 T feHE SRS af b 0 5 L 52 H
Fro FEYNZRid R SR i 280 it 1) 0 A SR W, AR5 2K R
B RPN 12k 3D 22 JF: L (intersection over union, IoU)
A B A RO 2 DA K ity A Rl )= 2R 4 R
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RPN 451K Ly, FHTOLACIX S E R M 4 (RPN) , Horp
HIR =15 5 o0 KR 220 1 — o028 U 2K (binary cross
entropy, BCE) PEAT R T 08 AE A8 AR s [l )] 158 2 T %
JH Smooth-L1 #URFATILAL , Z KRBT B TR THE R
HE R Bt 0 O sy 15 B )k 321X Sl 08 v A 3 5 0 7
H bR, o 5 S P U o] 5 i LAl

3D loU %k L,,,, i i 153 SO AE 5 50 52 AE 22 8] 1Y
3D loU Afefl i Hof B A2 B IR 48 e Ut A A A 1) 5 o7 K
BE o AH TSR A A 152 2 19 [ U 463 % 10 2K B A% 1L
FAE R T B AR A (2 28 T AE B oA b X 55 55 H AR,
FERRTE R AR B B AR B AR I 5 T A% O
FH, [R1 B hn s A s s,

BRI L, R ZJ058 i 2k BCE R
i YR ZAE R B AR AFTEE R [ 455 ToU 5| 3 i bR 2
Ay TE R mG , AR BE 0L TORE Wl M IX A S S 5, BA
UL, A RARYE R ZEHE 5 T HARRY ToU 1A VL AT EE
IF AV IE R AR AR, AT 4 T 15 B i Rol A9 &
A7 BEVE 43, (ARG Do) 265 B0 fin G 3 DG C B 4 s ) e, [) B
PR BT A 2 T4

WFRERNAH K L, R Smooth-L1 i 2K 115546
WIAE 5 FTS2 H bR 2z 18] 19 0 22 , I AUE X ToU 8 1 15 2
I (L P 42 SRAE AT AL o I O 24 o S0 AE 7R 6
RSF Ry 1) b A0 ad i B 58 H A, T 32 T B bR i 5
R IET USRS B B PR B G T 45 SR iR 8 E o X 57 H A
ity o8

B Bk 4 TR S A T R AR R R R
ik,

L=Lpy + Ly + er;f +L (10)

3 SCIGTENIE

3.1 KWiIRE

KITTI 3D Fl BEV H ARG 364 4 2 )
A B VF I bR e 2 —, A 7 481 A I ZRAE AR
7 518 MIHKREA, FESZH b A SCHEAE MV3DY i %L
Pt oy 07 2, B DI R R ) 43 S 3 712 A SR AR AR T
3 769 MIUEFEAS , PPALFE AR R AT 40 AN 4 [ 5 (B
TH) =485 B (3D average precision, 3D AP) , JF-7F
1] L (easy) . 45 (moderate ) 1 R ME (hard ) 3 /™ ¥E &£ ¢ 3]
B T AT VAL . 1 AT ANEAT E RS TE I ToU 1]
{4 %R 0.7.0.5 F1 0.5, nuScenes FHE4E & —
T )2 W S BRI 5 1 000 5, H
1700 AT INZR, 150 A0 T 5k, 150 A4S F 7,
nuScenes ‘F J7 #EALAY 3D B A5 DAL 48 b5 42 45 1 K]
SEN K BE mAP Al nuScenes 5 ] 15 43 ( nuScenes
detection score, NDS), NDS 7E45 4 mAP AYFEAE [ 256

TR TR E M (AN RSE s AL ) B LEAS EE
G TN ASE TR 1k BB T R i 4 T A PR B

R SR SR T IR A AT R OpenPCDet[Sﬂ , I IR
VoxelRCNN"™*' | CT3D'™ | A K PointRCNN">'daxf 3D f
T AL E AT B, DURA A S 6 i AT 52 B F— 2
Pk, FEAEM KA &I (NMS) J& , I ZR B B ik B 128 4>
Rol X3, 1M 754 FH Y BE 24 100 4~ Rol Xk, 7E4FAF 2
BT HRR X B T S8 o BN 1.2, A
IR REEBME N, =256, X F iz FRFEM % K
FORFEER BB R 4, AR N, a2, TR
2k PUDet B, | SR8 45 2 B0 45 . roi_box PN AY 15,
RS AFIRRAL B e R XA E N, = 256 1
Moz RSB i v 2 e ) 5 SN2k A ADAM
L5 H one-cycle FEHEST I 2k 80 4 epoch, LR
FHARBZIR KA ) B2 | e K27 ) R 0..003 5, I
st APl —3 RTX4090 GPU AL FE K /NEEE Hy 4,
3.2 HMMEIRER R AL ST

1) KITTI 4

S} T BUE PUDet 75 N [ ME BE 9500 T B P RE AR %,
FE KITTRAE B AT 7 @ m i SL w4l . gk 1 fr
N, A R EET 0.7 ToU BIE A 40 A~ 4 0147 & 1
SEHIRGEE (3D mAP) FEATPEAN , FEL 45 1 DL T R br ik
DMEZE N oR . deoh, R ABLS P ibric, L 1G%R
BWOLE IR, TR ER . PUDet 78 1 5§ ( moderate ) 1 /£l
ME (hard) 5] B RIIC AW L8] T e 9 3D -3
KB, ¢ B HLAE LD BRAR B3 05 = RN A2 2% J LA 25 4, o 2
TE i B H AR, B ARG i A A R as R E
b 60 5 53 K B

BRI, 5% )T A0, PUDet 76 T 5 48 b5 1
Pl 7 RE R A B T, 7E 3D A mAP AR T
1. 84% . SR, 7£ fA] B0 53] - i) 3R BAH XS 45 55 , 31X 1T R
S FR TR 3 DX N AL 5 256 AN R AR AR, THIZ R
) v A 3 DX e H A B 2 A A fE R, R R A T RE
Wi 1A B R NI, PUDet HKARRESTE B 241 5
PRI S I v 1 T N D 6 [ N S 11 7 e P
GEWAR

AR SO IEAE T 10 FONAT: 55 bt R B T s A
Pk, SEgR a5 AN 2 froR . 5 HABAE 3D H sk vh i
B A, W SPG, BieDet A1 L, PUDet HIPE 3 32
BT L SRAE 9 28 %68 TUAT A5 B A R4 Be 77, A5 Tl
B H A ] BEINAS E ARG . SR, TR 20 900 b AR S
LR RN T B2 vk X AT RB = T4 2 900
PR GMETE AL 2 JRLLG 05 2, T PUDet 32 24X 45
W s TR . SRR XL 256 R IR A
B, 525 SR AL IS R ARG A B, DN ITTRE I T 7 1200 2%
SRR,
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R1 KEXRE KITTI X E FRHERELE R

Table 1 Performance comparison of various algorithms

R2 FEZEKITTI MK E EMAEFINERELE

Table 2 Comparison of direction prediction accuracy of

on the KITTI testing set (%) various algorithms on the KITTI testing set (% )
o A 3D FARK - ﬁi I 1 5L
e %‘m\ Pz s ‘A
BE g s BtE 3D mAP 1] 2L i IR M mAP
- MV3D!? L+ - - - -
MV3D'? L+I  74.97  63.63 5400  64.20
F-PointNet 2! L+I - - - -
F-PointNet "/ L+  82.19 69.79  60.59  70.86
CLOCs ) L+  96.77  95.93  90.93  94.54
CLOCs"® L+  89.16  82.28  77.23  82.89
MMF!] L+ - - - -
MMF>! L+l  88.40  77.43  70.22  78.68 :
PI-RCNN'®! L+ 96. 15 92.52 87. 47 92.05
PI-RCNN!®! L+  84.37  74.82  70.03  76.41
EPNet°" L+I  96.13 94.22 89.68  93.34
EPNet' ! L+I  89.81 79. 28 74.59  81.23
EQ-PVRCNN'®)  L+1  98.22 9520  92.47  95.30
EQ-PVRCNN!®) L+ 90.13  82.01 77.53  83.22 —
- SECOND! L 90. 93 82.55 73.62 82. 37
SECOND™ L 83.34 72.55 65. 82 73.90 o
. PointPillars'? L 93. 84 90. 70 87. 47 90. 67
PointPillars >’ L 82.58 74.31 68.99 75.29
TANet % L 93.52  90.11  84.61  89.41
TANet %! L 84.39 75.94 68.82  76.38 )
] PV-RCNN?! L 98.15  94.57  91.85  94.86
PV-RCNN'? L 90. 25 81.43 76. 82 82.83 ,
- PartA2!%] L 95.00 91.73  88.86  91.86
PartA2!* L 87.81 78.49 73.51 79. 94
CIA-SSD'® L 96.65  93.34  85.76  91.92
CIA-SSD' %) L 89. 59 80.28  72.87  80.91
cr3pt?! L 96.26  93.20  90.44  93.30
cr3pt?! L 87.83 81.77 71. 16 82.25
SpPGLe! L 40.02  38.73  38.52  39.09
spGle! L 90. 50 82.13 78.90  83.84
BcDet! L 39.26  38.00 36.82  38.03
BtcDet !/ L 90.64 82.86  78.09  83.86
SASA L6 L 96. 00 95.29 92.42  94.57
SASA L] L 88.76  82.16  77.16  82.69
GD-MAE!®] L 98. 31 95.36  90.19  94.62
GD-MAE!®] L 88.14  79.03 73.55 80. 24 )
) PG-RCNN'®! L 96.64  95.27  90.37  94.09
PG-RCNN'® L 89. 38 82.13  77.33  82.95
PUDet( A 3) L 97.31 95.96  92.73  95.33
PUDet( A3) L 89.89  83.02  79.35  84.09

2) KITTI #1 nuScenes %l 5

H T kL EAIE PUDet B9 38 FH M FIA R0ME AR SCHE
KITTI I nuScenes $:iE 5 AT T RGEMETRAL, Wk 3
M4 R, RBPFAZRBET 0.7 loU HEF K
i3 (average precision, AP) 7 A y HpER4mET
NDS .mAP LK 45 mAP , #5 K 094565 280 0 < it T
ZE 4 ( construction vehicle, C. V. ). 47 A ( pedestrian,
Ped. ) B ¥L 4% ( motorcycle, Motor. ) 1 32 i 4 ( traffic
cone,T.C. ), SEIREEIR IR, PUDet 1£ 2 S vEHUIE 5
XTI AR AR, SRR A LS T R R
Th,FEAE BT T AR W] 37 55 FAE 55 P i i v S &
e,

{HAST B ), 7F nuScenes 54 |, PUDet 7F mAP
$ebRr FHRE T 2.6% , 76 NDS 645 F42TF T 3.3% , %M
ARSI AR R KA BRI BA RaF A v, it
AP TE 0.5 ToU BT B AL T T A I AN 4 T2 R AT 55 v
(PR 5), PUDet 43 7l K¢ A AT 38 F 55 47 25 46 0 49

*3 EZ£LAi%5 PUDet 7£ KITTI WiF& F
IR B LB
Table 3 Performance comparison of vehicle detection between
baseline and PUDet on KITTI validation set (% )

=1l - 3D Hpnkail
frE frj 2 rhag WA 3D mAP
CT3D 92.34 84.97 82.91 86. 74
0 PUDet 93.51 85.33 84.02  87.62
0 CT3D 89.11 85. 04 78.76  84.30

PUDet 89.74 85.34 78.58 84.61

AP S REEFE T 1.94% FI 1.22% , 72 W] HL e g 42 (it oioks
T 2 10 4095 O B A AR B R SUfR AL

3) ATAAEXT LE

WE 3 frs, 78 KITT PR AL b A &5 R k7 1
SEMERTIAL M, B EIR T 3 RO [ 37 55 A0 4G I 25
A AT ARG AT B AT TR IS T ik, TR
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* 4 EHLZLFH A5 PUDet 7£ nuScenes IE & _EHIIERELL 3
Table 4 Performance comparison on the nuScenes validation set (%)
i8It mAP NDS Car Truck C. V. Bus Trailer Barrier Motor. Bicycle Ped. T. C.
CT3D 59.5 65.3 84.8 53.7 19.4 64.2 55.4 72.1 59.5 24.8 83.4 77.9
PUDet( 4 3C) 62.1 68.6 85.4 55.1 26. 1 65.7 55.3 76.3 62.6 27. 1 86.4 80.5
*S5 EZ&AES PUDet 7£ KITTI BHF & E$H 33T AFIIFITE A HERE L 8
Table 5 Performance comparison for pedestrian and cyclist detection on the KITTI validation set (%)
o TA T HAT BN
i
Ay £ rhag IR 3D mAP faj s PRI X 3D mAP
CT3D 61. 05 55.57 51.10 55.91 89.01 71. 88 67.91 76.27
PUDet 64.32 57.33 51.91 57.85 91. 62 72.31 68.53 77.49

CT3D

PUDet

R A

BETENA

Q\\\§

® Fipzn ® LRHENRZ

3 KITTI P4 A9 2 P 45 SR e

Fig.3  Qualitative results on the KITTI testing set

LI RS B 2555 PUDet 38 3 1 T 5% 05 2 LA
FRE B (BRFER X 2 LR 3 BB, A SO ik
ARSI 7™ B P el B S A R E BRSO TR
e, X2 AR E R B S =R R, AN, PUDet A B
B EREE S = T EE M LT U, W iiA 24z
FET 300 A Ty 1) T A R
3.3 JLEALHHR R

A It — R HN LI IE T PUDet | RAEEFEALAL
5B T A O A, S S AR 4 B, BB 2 AT
55 4 F143 MR R T J5R s = MZad AL 5 (4 05 2= 45
R, B 4530 2 5B AE M 3 B faf B (= 8
T B 256) , 1A 0 3 510 X i TR AR 2K (= KR
HREDT 256) , Mitk—L RS B AL SCR
K S S8R L, T AT IEAS , PR B 2
SIVEAR IS A 2 I 05 25 43 A S04 B, 3 UM 8RR T

A H HAE SR UTHARRE T, ERFERAE R A S
AT T BT S AOR, RV A a5BOR 20 ) PR HE A
ST, 5748 2t B Sk R A1, A A8 T 2 S {1 B3 T 1t 2
it BARECE , IR RO T AR 0 JL Al 25 44 I P4
HAEWIEAS . MEUXT L, B 4 155 1 AR )RR T 5
H Ar %t 7 A R X3, A a5 2 1 LA e A SR B 4t T ik
— B ISE S, AN TER 4 B95E 3 5 S ORISR 6 174
MTTAAL T B4 07 8 CT3D L K& PUDet ZE Y145 15 4> F0
80 1~ epoch Ji A B VE B IR, O B B UL Y
7, R R A SR T FE AR X8k, AN TR & B4R
HERER (S WA I LB 45 ) X 1 H {3 2 2R BB AN TR
O EIIRGE , BT ARG H AR O X IR OC
FEEEM 25

AR, B S A S RO 3T, PUDet 75 ] LS
AN AET 5 B AR B AR R AT /N T R4 7 v 5 TR TR ME
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N=710 N=242 N=274

N=47 N=25 N=23

[‘uuiﬁmn:4'65 Llnlx(x\nlx:6 63 [‘umfnnn:5 99 I‘umli\nn: ] 879 [‘umfnnn:l 5 46 [‘llmfunn:2 l 74
— CT3D
. = T ' 1.0
N=256 N=218 N=256 N=47 N=26 N=24 I
I‘unil’urm: 1 O - 59 [‘umfunn:7 08 I‘llnili»nn:6 - 1 l [‘llmfunn: ] 879 [‘llmﬁ»nn: l 4 N 08 [‘llmfunn: l 8 92 O
— Az LRPEGHE -
e .
N=2 840 N=968 N=1 096 N=188 NZIOO N=100
[‘uniﬁmn:2 2 2 [‘ lelele funn: l N l 4 [‘llmfunn:2 N l 7 I‘llnlli\rn|:8' 5 7 l‘llmli\nn: ] ()2 l‘llmli\nn:3 N ] 7
— Y1585 = & : 1.0
Jeann i e ‘::" 40y
N=256 N=256 N=256 N=168 N=100 N=92 l
Lunilimx|:()' 1 8 [‘uniﬁmn:l 6 1 [‘umﬁmnzz'gl L ||||| Ii\nn:9'80 [‘ ||||| funn:l ()5 [‘Ilmfunn:2 ()3 0

iSO

N=256
=258

N=256 N=256
Lo— Lyirn=1.59 L,

ifo ife nifo

K4 JLfr g BRI it mT ARAL 7R i

Fig. 4 Visualization example of geometric profile optimization

AR SFURD 1 X 24 7 e ) 2 B 249 5] AR K J
FIEAR, B T LT TR U AR B 15 H AR 2EA T R
BOURTIRELIGRES) o BLAh, MR 7 i, PUDet 43 it i
R CE R SR U B 2 B ISR AT X
SRR S T T A X R 45 B B A UK
RIFE I AT FAR AR TR AR, #8578 1 A X E SR 1
AR O PERE ST G R TR
3.4 HERXKIE

1) REAR DS %

DAk R AR SO v A5 A B A 2
117 — RSN H RS FEE ] KITT R 45T 40 4
[0 A 3D KR BE (AP) MR ITA 6

SRy 7 AT PE AL IR DR B 1 A R % 3L
ANTRIBC B AT 1 S50 53 Ar , I A X B 1) 5
iR 6 s, SULEE, SCHE ST 1 MU (frame
per second, FPS) , T & iz B AE A S = i B0 A
X AT BRI s ), LLAf R i S IR 2 1 [+
PR R R RE . SCU KB B N, FIE N,
PERER I A4 T, SR, Y N, 3 ORI PERERY
gt #A T I I, R TSR R R, S RE A
Tt 0. 33% I, HESREF ] 50 M 0. 29 s BEANZE 0. 41 s, {H15
TERMZ, SN N, A2 P B8 7 A= T T 52 0, 151)
W8N, = 128 I PERE SR T Al AR X e 4
BRI BCE . L, 9 N, = 256 BERSTEMERE ST
R[] SR R A A
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Table 6 Ablation results of columnar region selection module

FER X 35 3D HpsA /%
F G e T T

FPS

x 91.23  83.34  82.65 0.21
vV 128 89.21  81.69  81.02 0.23
Vv 256 93.51  85.33  84.02 0.29
vV 512 93.97  86.48  84.08 0.41

2) B R

R T B AR S B R A5 A A O R TR OGS
B ZERNE T PR, 8 1~4 1745 R, LDEM
DDAM FEEHRIAXF PUDet (1 RESE TR 2] TOCHER . B
RIS, BB LDEM 23X a7 520 591 (4 4G 00 RS B2 7= AR R
S AL bR DDAM W2 3851055 1 RXECH 1R B, 3X
— MG T 2 AR AL BE B R R B H AR
R 1 T ) E R S MY

R7T RAREERNHMIEER
Table 7 Ablation experiment results of point cloud

enhancement

3D HARRE/ %

5 LDEM DDAM N,
s P& R
1 x x 92.34  84.97 82.91
2 Vv x 2 4 92,76 8512 83.04
3 x vV 2 4 92,56 85.41 83.86
4 vV v 2 4 93.51 85.33 84.02
5 vV v 5 4 93.82 85.89 84.67
6 vV vV 10 4 9409 86.13 84.98
7 vV v 2 6 93.50 85.47 84.76
8 v v 2 8  93.67 85.51 85.32

L ORFE 2 IR ARREL NV, X B sRAE  HA
T, R 7 M S~6 fTHR, X N, =10 B, iR
PEBEIE BN, 33X 3 W3 2o 3 26 A QUK LA A BB A
B a5 2 JUART 2854 , A B A0 2 B v ff b Al 4K AR 41
SRIMT, 5 BB S T A I NV, = 2 FER B
SR E WIFETE R PE T+ SRR Z ) Se o 4 2
PRSP 5 B i R SR AT B T4 i PR X R ) H AR Y
I B, ARG LA R 531 11 RE AR T ARG A B[] s 2 6
SIS e ol R B R R

3) ROI X3 P 5 =

TEZR 8 W AR SCHEAN A B 1 L SRAE S5 i 500 A T
REAYSZIE , B N, W02 128 B PEREWT W T e, £
T A B AN 2 DL S8 3R TR H bR 9 SC B LA R4, 5
FHTF RS IRE 2 IR T N, BEIE 512, 00 8

ST T 6T MR S5 090 R e, 53 0 8 5
Z RS R LR IUBTRO A1 15 4235 SR T, 7 P W2k
BT | 1T 45 25 B R B PRSP A 41 40 25
BEIFRHR B A B BACR S Y2 1 9
KU A TFRAS N, B 256, LIAERFAE Rk e

terpu

55 S 22 8] 52 BRI A4 P-4

®8 BBEN,,, ERIRER
Table 8 Hyperparameter

«ierpu Ablation experiment results

3D BHARKEM/ %
F5 Ny FPS
AT £ g WY 3D mAP

1 128 90.77 83.21 82.07 85.35 0.22

2 256 93.51 85.33 84.02 87.62 0.29

3 512 94. 39 86. 81 84.07 88.42 0.37

4) X AN [ A5 0 45 114 52

AR SJAE SECOND Hil PointPillar RPN F1 %} PUDet
FIPEREMEAT T HRE , &5 W2 9 Fn, 5L RPN Jiik
A, PUDet 75 25 MEE FYERE > 4R TL T 3.57% Al
5.38% , FIH AR AS ) 00 26 B2 A4 v A 3 B AT R
K2 B UE PUDet (130 F 1, ¥ H 4 R B 2 Fp 3 1
LiDAR WP B il 25 A7 17 35k, 7ESC 5, SR H
— B R AE SRR 25 A 3D Rol A 14 546 A5 2 Hh 3 BB,
FRAE, 35 Rol MIAK it ALRFAE 32 , LA SE BRS I 2% A1
=2k, VR SERIAG I Z%, $EFE T PV-RCNN7 Al
CenterPoint-RCNNmiﬁﬁ?g’;%\iy’fﬁo LIS LRI 10 Br
7, PUDet 7 Z Flvkr I AE S8 i 12 G 284 T T kil 4 1, a0
— IR T HAR R A NS RS

x9 7A[FE RPN BTHEHEMEWER
Table 9 Ablation experimental results of different RPN

backbone networks

3D FARAE/ %

RPN PUDet
] £ &g PRI XfE 3D mAP
X 90. 31 81.76 78. 88 83. 65
SECOND
Vv 93.51 85.33 84. 02 87.62
X 87.75 78.39 75.18 80. 44
PointPillar

91.61 83.77 81.59 85. 66

5) B S B R A B

R T AT T AR S 2 SRR 48 X AN [ PR B
BOL 52, 75 2 11 PR T K PUDet 4E A% #
CenterPoint-RCNN PV-RCNN F1 CT3D Ji BRI 250 S5 1R
BEAREIS L, 45 LT KITTI 3034, 76 ToU B H 0.5
B AR T AR SRR 3 2 SR TR A
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Table 10 Performance comparison of four different
baseline and PUDet on the KITTI validation set

R PUDet  BEINIE  HWi/% 1T AN/% B T4E/%

x 40 86.37  59.43 76.71

PV-RCNN
Vv 40 87.70  59.76 77.30
CenterPoint x 40 85.32  57.90 78.33
-RCNN VvV 40 86.82  59.07 78.51
x 11 83.79  60.12 74. 63

PVRCNN
Y4 11 85.00  60.81 74.79
CenterPoint x 11 82.13  58.19 76. 10
-RCNN vV 11 84.45  59.02 76. 14

x 11 ARELFERELS PUDet 1G58 FHIERELLE
Table 11 Performance comparison of different baseline

and their enhancements with PUDet

HL PUDet R 280/ MB e B/ He
x 7.85 8.33
CT3D
Vv 7.92 3.45 | 4.88
x 13.12 9.09
PV-RCNN
vV 21. 60 2.78 | 6.31
CenterPoint- X 9.67 11.12
RCNN Vv 18.16 4.54 16.58

3.5 PUDet HE8E4 R

HHRSE PUDet EAN A 47 5 h (i M BE R B0, X L AEAS
[ 2 0 bR B T AT T RGN, SRR N T
40 N IS BT 3D SEIRE E (AP) |, WA 55 R AT
NHBA7# 3 25 Hbs, IEWE 5 A6 ffn, PUDet £ iE
e T E R Al N Ay & S s R | Vo |
FEAL RGBS = R PR, SR, X ARG R B i H

RIGIE CT3D+AX
SIE2 s -
60F 2T E = CT3D
RIS PVRCNN+Z L
o 2y v} +
2 a8 |\ PVRCNN
wy v
g 40 b 2 8 Centerpoint+7 3¢
g) TR Centerpoint
g a S
< ) =) s (=)
A & = 3 S |
20+ +1| [ = &<
X S
o &ls
O Is] b
I r
0 ]

0~10m 10~20m 20~30m 30~40m 40~50m  >50m
BEE
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Fig.5 Experiments on the KITTI validation set

for different distance ranges
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