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Point Cloudobject Detection Algorithm Based on 3D Cube Loss
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Abstract: Optimizing the commonly used losses for regressing the parameters of a bounding box is not e-
quivalent to maximizing the IoU index. And loU as a regression loss, it is not feasible to optimize when bounda-
ry boxes do not overlap. In order to solve the above problems, the calculation of the circumscribed box is added
to the basis of IoU(3D_ CGloU) as a new metric and new loss. Incorporating 3D_CGIoU as a loss into the
state-of-the-art 3D object detection framework, and experiments were conducted on the KITTI dataset and the
ScanNet dataset respectively. The improvement of the average accuracy ( AP) of the detection shows the effec-
tiveness of the method.

Keywords: object detection; loU; 3D_CGloU; metric; loss
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Green and blue represent ground truth box A and the pre- Yellow and blue represent ground truth box B, and the
dicted bounding box B.respectively,and purple represents predicted bounding box Bjrespectively,and brown rep-
the intersection of them,the red bounding box represents the resents the intersection of them,the red bounding box
smallest enclosing box A of B and C represents the smallest enclosing box B. of B, and B,
B1 —#M_gaFEEEAX B2 —M=Z#HFRIEEEERL
Fig.1 A situation of 2D bounding box overlapping Fig.2 A situation of 3D bounding box overlapping
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FTHBEMZT R S, , |G, Fig.3 A positional relation between the predicted bounding
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Fig.4 The bird’s eye view of the predicted bounding box and ground truth box
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a) Wil EFHER Counter clockwise sort b) AhE BN IE

The smallest convex polygon circumseribed
P R (B Poilad 5 Py (B A1 306 I B R AT HE R 5 W CLBAE RS ™ 230 T8 PP PoPuPs BT A SR AR S/ N M 250 T

All points (except Py) are sorted counterclockwise by polar angle with Py; The convex polygon with blue border PyP,P,P,Ps is the smallest con-
vex polygon circumscribed at all points
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Fig.5 Schematic diagram of algorithm which is the circumscribed box of bird’s eye view
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3) let S be an empty stack // FIRAFHUIRLAFT R IMEN ZTE ) TR

4) PUSH(P,,S)  // HFEi=AFAMERWIIR S, JFEARR

5) PUSH(P,,S)

6) PUSH(P,.S)

7) fori =31t07

8) while the angle formed by points NEXT-TO-TOP(S), TOP(S), and P, makes a nonleft turn
9) POP(S)

10) PUSH(P,,S)

11) return S
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Else .
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%53 4] R0, 55 JET =HEs ) R BUR I 2z B AR A - 285 -

12) Lsnf v = 1 =1

2 XI5HH
2.1 XIgE

ABIETE Linux RGL T, ffi 4] Pytorch 42, 43 576 A [F 8048 52 F 3 T W) b i A7 50 5, ik
PointRCNN . VoxelNet'"”! | PointPillars"'® #£ KITTI i #ide "7 FagEM, LM% VoteNet 7£ ScanNet %
PR BB, WA SCHR B D7 AT T A o KITTI SRR 7481 YNZRREA T 7518 AN
FEAS . I e 4 19 B S RN A TR, DR R U R8s 45 o I 2R 4 (3712) R UE4E
(3769) ", ScanNet $i#fit—4t 4 1513 PMREGFEHIE (N5 S S HEEEA—FE, WE AN
B o) B EZEAELE , 52X IR s m AT R, (i — N S s R AR ) , 21 DRI X4,
Hr 1201 Mg TR, 312 D TRk

SEBG TR RN vk, BB AR B SR AL A BROA S B R SR kAR, IF AR
HINGENL . LR R A I BRI R, M Zdd g s, fERuEs ERRIIRE
2.2 XWRERS5HH

I Z AP AE KITTL A 45 E iR, 174k 3D_CGloU ik ml A 3= T I J X A il 8 R 19 5% 1
RN 1 WK, ARSEEX s R AR S AT, ToU BMEM 0.7, WANISHR A FRIAEE ., Fra m)
For I 235 SR A FH B 7 i KITTL PPAS R AR AR e A T 6, X S8 hRfud®: A . 3D, 2D FIF34 75 )
AERURE o Ak Aar 2 A GO 1H b A7 Y o KITTL £ 52 05 3l 20 S 25 5 04 L b 5 %) R TR U 1) = o xfe
B, TiE 5 KITTL HEA 5% WAR 4 v 45 i v RE A T HET

FHLE T Z4E ARkl , =4k BhRil B BpkEM: , PRA o = 440 [l 6 7 25 T v i) o (606G B 280K
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® 1 7 KITTI IEERR F 2K LT BAR B0 se Xt e
Tab. 1 Performance comparison of object detection on the car class of KITTI validation set

224 Car(IoU =0.7)

Tk Method 5 Easy 1 Moderate % Hard
VoxelNet 77.97 61.46 58.85
PointPillars 78.05 72.98 64.56
PointRCNN 82.20 75.00 74.07
VoxelNet +3D_CGIoU 79.79 63.32 60. 84
PointPillars + 3D_CGIoU 80.57 73.42 66.97
PointRCNN +3D_CGIoU 83.99 75.67 74.70

322 24 VoteNet 7£ ScanNet F4i4E T &2 HARM PR MAE R, o baseline 7 JF 47 ) VoteNet £
MEER, ours A Ly, oo P9 TUINAE 452K )5 17 VoteNet Kl 255 . 4Nk 2 iR, ours - 304G
FIE- 3543 MR HZL T baseline, 7F VoteNet 321/ il A 3D_CGloU HyA AL AHERG A HI 2k,
For I B AE 25 2500 B AR LARAT T, I A 2N E RS BT T 1.5 N E . Hrh, AR M
“UKFAT BORTINPEBESRTF 22 BE A K. X TR RAR LSRN, AR A R K AR, H GloU A R
FEAARME, PUCHERR B T R/ NSO AR T SOk B2 22 5, HEWZ i T basiline ZEJI Zhid #2 By T M 4%
IR AL BERLESE RS, B A7 RIS T RAT KU . (RAEARSCEE T, AT ki
PERERILALAT, W “VKAE” WIRES “HEF MNEOUCIRIAARS, BeEAE CHEFT O VKRR MORSEE
PET R B 22 A K
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%2 VoteNet £ ScanNet £ #F 5 _E B F 1 NIEE

Tab.2 Average detection accuracy of VoteNet on ScanNet dataset

H #% Object Baseline Ours H #% Object Baseline Ours
#HT Cabinet 34.81 38.64 IS 5 Desk 64.38 65.28
JK Bed 88.43 90.57 % 7 Curtain 49. 60 50.83
13§ Chair 87.43 89. 67 VK% Refrigerator 48.90 49.13
b &R Sofa 89.21 91.84 YT Shower curtain 69.81 70. 68
5T Table 58.93 60. 12 L4 Hfi Closestool 96.79 97.34
I"] Door 43.98 44.85 VEUAY Sink 51.74 53.45
P Window 37.10 38.09 YHEL Bathtub 90.72 92.21
F5 28 Bookshelf 41.51 42.43 B %A Bin 36.92 37.47
[ i} Picture 4.30 5.97 mAP 58.24 59.61
FEE Counter 53. 64 54.34 AR 80. 67 81.07

& 6 J& PointRCNN 1 PointRCNN + 3D_CGIoU 7E KITTL I (#4558, nfwifb Ko py =43 5,
e R B b 1 PointRCNN A5 I 25 R AT WAk, A7 A Ly o 29 A FRIUAE [51 J5 45 2K 5 /) PointRCNN +
3D_CGloU KM ZE R nT Ak . SEWIIELT J7 A2 X i i 5 = [l S Il v i 6 i 2 O A, 20 8 2 LS
HE, 202 label; S KL fuME, SRE&EHE, PRI IFARITA B2 EHEARTE R
ground truth (GT), HAA label BUEA 7RI Z: AR GT,

orat 'l

d) 45— Scene 1

b) 35— Scene 2
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C) % = Scene 3

6 PointRCNN #0 PointRCNN+3D_CGloU 7 KITTI kB4 i 45 R e # 4k
Fig.6 Visualization of detection results of PointRCNN and PointRCNN+3D_CGloU on KITTI
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