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[ Abstract] With the development of environmental sensing technology, lidar three-dimensional target
detection has made significant progress. However, it is difficult for voxel-based 3D detectors to capture rich
contextual information and detailed features when dividing point clouds. Especially when dealing with occlusion and
truncation problems, the detailed information of the original point cloud is often lost. To address these challenges,
this paper proposes a new data augmentation strategy to enhance the model's ability to handle incomplete point clouds;
and proposes a point-to-voxel 3D target detection model PV-FMRTNet based on transfer block Transformer and
feature pyramid, which effectively solves the problem of position information loss in the process of converting point
clouds to voxels. In addition, a new 2D feature encoding network was designed to improve the performance of the
voxel-based 3D object detection system. The evaluation results show that the accuracy of the proposed model in
detecting cars, pedestrians and cyclists reached 84.30%, 61.76% and 78.08% respectively, which is an average

improvement of 2.08% over the mainstream algorithm PointPillars and other benchmark models, showing advanced
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accuracy and robustness.
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GD-MAEB7] L 88.14 79.03 73.55 80.24 +2.75

PV-FMRTNet  (ours) L 90.66 81.39 76.93 82.99
<3 1RBUE KITTI {TAELMIREMRI (BRAI%)

WARIA B faf &g Gk mAP it

MV3DBl L+R - - - -
F-PointNetl!!] L+R 50.53 42.15 38.08 43.59
AVOD-FPN[27] L+R 50.46 42.27 39.04 43.92

UberATG-MMF[32 L+R - - - -

EPNet3% L+R - - - -
3D-CVF2% L+R - - - _

CLOCsP3) L+R - - - _

PointRCNNI!2! L 47.98 39.37 36.01 41.12 +1.21

SA-SSDI3! L - - - -

PV-RCNNI!9 L 52.17 43.29 40.29 45.25
Voxel-RCNNI2] L - - - -

PDVS] L 47.8 40.56 38.46 4227 +0.06
M3DeTRI36] L 45.7 39.94 37.66 41.1 +1.23
DFAF3D!!3] L 47.58 40.99 37.65 42.07 +0.26
GD-MAEB7] L - - - -

PV-FMRTNet  Cours) L 46.32 41.68 38.98 42.33
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F4 EEE KITTI RHITEESMRENRI (BA%)

Jrik F A g PR 2 mAP X
MV3DB! L+R _ _ N N
F-PointNet!!" L+R 7227 56.12 49.01 59.13 +12.05
AVOD-FPN[?7) L+R 63.76 50.55 44.93 53.08 +18.10

UberATG-MMF L+R - - - -

EPNet(30 L+R - - - -
3D-CVF?) L+R - - - -

CLOCs®! L+R - - - -

PointRCNNI12 L 74.96 58.82 52.53 62.1 +9.08

SA-SSDB L - - - -

PV-RCNN!'?! L 78.6 63.71 57.65 66.65 +4.53
Voxel-RCNNI2% L - - - -

PDV) L 83.04 67.81 60.46 70.43 +0.75
M3DeTR! L 83.83 66.74 59.03 69.86 +1.32
DFAF3D!) L 82.09 65.86 59.02 68.99 +2.19
GD-MAEP L _ _ _ _

PV-FMRTNet Cours) L 83.08 69.03 61.47 71.18
&5 REE KITTURFER ISR (RLEI%)

WARZA B i i WM mAP Stk
F-PointNet!!" L+R 83.76 7092 63.65 7278 +11.52
PV-CNN!I L+R 84.02 7154 6381 73.12 +11.18
AVOD-FPNE27! L+R 84.41 7444 68.65 7583 +8.67
SIFRNet!2*! L+R 85.62 72.05 64.19 7395 +10.35
3D-CVF2) L+R 89.67 79.88 7847 82.67 +1.63
SECOND!'®! L 88.61 78.62 7722 8148 +2.82
PointPillars!!” L 86.46 7728 7465 7946 +4.84
PointRCNN (12! L 88.72 7861 77.82 81.72 +2.58
PV-RCNNU'?! L 89.03 83.24 7859 83.62 +0.68
Voxel-RCNN(20! L 89.23 8423 7892 84.13 +0.17

PV-FMRTNet (ours) L 89.45 84.60 78.84 84.30
Fo6 BB KITTI {TARIEERIRI (BBAI%)

Jrik H ] EA. &g PR 2 mAP puld
F-PointNet!!"! L+R 70.00 61.32 53.59 61.64 +0.12
PV-CNN2!I L+R 73.20 64.71 56.78 64.90
AVOD-FPNP7] L+R - 58.80 - -

SIFRNet(2*! L+R 69.35 60.85 52.95 61.05 +0.71
EPNet(0 L+R 66.74 59.29 54.82 60.28 +1.48
SECOND!'S! L 56.55 52.98 47.73 52.42 +9.34
PointPillars'”) L 57.75 52.29 47.90 52.65 +9.11
PointRCNN (12 L 62.72 53.85 50.24 55.60 +6.16
PV-RCNN[ L 63.71 57.37 52.84 57.97 +3.79
Voxel-RCNN120! L 64.20 58.54 52.93 58.56 +3.20

PV-FMRTNet (ours) L 66.52 61.93 56.83 61.76
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7 A KITTI BTEWIERAORI (B1I%)

WARIA 5 a5 &g Gk mAP it bt
F-PointNet!!!] L+R 77.15 56.49 53.37 62.34 +15.74
PV-CNN[2!J L+R 81.40 59.97 56.24 65.87 +12.21
AVOD-FPN[27] L+R - 49.70 - -
SIFRNet[8! L+R 80.87 60.34 56.69 65.97 +12.11
EPNet(30! L+R 83.88 65.50 62.70 70.69 +7.39
SECONDL!6] L 80.58 67.15 63.10 70.28 +7.80
PointPillars!!”! L 80.05 62.68 59.70 67.48 +10.60
PointRCNN [12] L 86.84 71.62 65.59 74.68 +3.46
PV-RCNNL!% L 86.06 69.48 64.50 73.35 +4.73
Voxel-RCNN20) L 84.77 71.96 68.90 75.21 +2.87
PV-FMRTNet (ours) L 86.63 74.68 72.93 78.08

B9 TMMHITMALERIEE

4.4 i ARIXE

TR N B A AR 25 2H R 23 () Tk A H
XTEARVERER S, FRATB T — RATHRRSES .
TX G SIS e B BB SRR e AR, 8 R & LA
B ERTMPERE M ARIE R . SEIGAE KITTI £dli 46
HHAT, BT SRLE ST g4 Bl gy, FRAELS
IEEE ETPA

PERFL R E , FATIEILT SECOND 5y 111
YR T AERHIEGR IS, BL L Voxel-RCNN H 1) /2
PR X SR ZRRFE SR N 4 (Voxel ROI Pooling) »
X IR TR R T X B AT I R A, DA T
P2 AR rh BB OGH BEAA I RE I DTRR . 38N B Sk
g R, W DU 2 TR AE AR Hh (R FH R 4
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T+ B ARSI FE 8 B, AT A T VA B e A Y
(A P S st A

ATV T HREAMEEOT KITTI S 48 - B A
RGBTk, S 11 /NF0 40 N E EA B EYE, IHE
HHEEMERE SO0 BV =80 . FGFC AT Ri-
RZR ARG AR = 4ERFEgmID I 4%, FMRT X3
Rl A A5 X 4 Transformer A1 FPN-PAN HFIE 4 755
() —HERFEbiS M 4%, REPC RFRTRENLS =00
Bk I S 3 5 7 vk

IR AR (WK 8) , BRI AR E R
T T HRIE R J3 50 N R BI R ELLRE S, el 2
TEVARTR A EPL AT I L T o GHAL BEARFAE R
ANIG5E T PR S fidh 7y SRR ISR HURE 77, R #E A
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Rese 2] 7 oCEEA . Bl & #2530 X 48 Transformer

A1 FPN-PAN RRIE4 FHE I 158 B S0 B
FEFERE 587 HES T B30, (8 fe s B s

A PR RN AE = 4 25 (A P i H AR 5, AT K

et

=2 b I VR R AR

R8 HMSLIEER (BI%)
Car Pedestrian Cyclist.
FC FMRT REPC AP113p AP403p API113p AP403p API1I3p AP403p
81.23 81.76 58.53 59.01 71.66 72.85
~ 82.58 82.89 59.79 60.13 72.68 74.29
v ~ 84.17 84.49 61.31 61.63 74.16 75.98
v N N 84.56 85.24 61.93 62.23 74.68 76.89
5 Z5iE 5 B8 B3 (0], B DK % (5 2R 2 fR0),2019,44(01):139-

ASCEEXT i zm =48 B bn ke AR Y LR F R a6 1E
BN B0 HARE RS RN T S PR 1 1, 4
TBENLS = BRI BAR S R Tk BT SRR RS
M ARL P = dERFAE Gm AL N 2%, DL R @il 5 7% 43 B
Transformer FIRFIE 4 35 1) — 4ERFAESmAD I 2% . 5
s AR, XLl BT TIRE . AT AR
ATH MR IERR R . AR TN 4R SRR R ZBSAE
K0 R, R g A A A BN s s 1
BB, DAk — BRI B ARkl FE
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