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Voxel-based 3D Object Detection Network Based on Multi-level Feature Fusion
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ABSTRACT: The work aims to accurately analyze the location and classification information of the object to be tested in
the point cloud scene, and propose a voxel-based 3D object detection network based on multi-level feature fusion. The
two-stage Voxel-RCNN was used as the baseline network. In the first stage, the Sparse Feature Residual Dense Fusion
Module (SFRDFM) was added to propagate and reuse the level-by-level features from shallow to deep, to achieve full in-
teractive fusion of 3D features. The Residual Light-weight and Efficient Channel Attention (RL-ECA) mechanism was
added to the 2D backbone network to explicitly enhance channel feature representation. A multi-level feature and mul-
ti-scale kernel adaptive fusion module was proposed to adaptively extract the weight information of the multi-level fea-
tures, to achieve a strong fusion with a weighted manner. In the second stage, a Triple Feature Fusion Strategy (TFFS) was
designed to aggregate neighborhood features based on the Manhattan distance search algorithm, and a Deep Fusion Mod-
ule (DFM) and a Coarse to Fine Fusion Module (CTFFM) were embedded to improve the quality of grid features. The al-
gorithm in this paper was tested in the autonomous driving data set KITTI. Compared with the baseline network at three

difficulty levels, the average 3D accuracy of pedestrians in the first stage detection model was improved by 3.97%, and
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the average 3D accuracy of cyclists in the second stage detection model was improved by 3.37%. The experimental results

prove that the proposed method can effectively improve the performance of object detection, each module has superior

portability, and can be flexibly embedded into the voxel-based 3D detection model to bring corresponding improvements.

KEY WORDS: 3D object detection; residual fusion; adaptive fusion; feature enhancement; triple feature fusion
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Fig.2 Sparse feature residual dense fusion module (SFRDFM)
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LN ) 245 56 E 25 R R S w0 ) I 4 H AR
R PR 28 25 S HEAT LR, R 1. R 2 A RIER TIRE
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HEATPRAL

SCEREE N R 1 MR 2 P, HigregoR s
LR M 4% (baseline ), FHFE 1 FIZE 2 450, BT
SFRDFM. RL-ECA I MKMKAF [1— [ B % 2% il
SECOND M4 b4, 7€ 3D 4845 AT A1 3 Fiwe
JEE SR I FE A BT T 6.37% . 3.26%F1 2.28%,
TE S E PR T 43 ml 3T T 5.02% . 2.84%F1 2.22%,
FF HAEVR G B AT 3 PR b R B H AR 2 51 3 /M iR
27t

TE— B B g5 by k3% fin TFFS A1 CTFFM B9 —
[ B ]9 4% 11 Voxel-RCNN H%5%, 78 3D #8458 FWifT#
IR 3 Foloouf B S A RS BE A0 R T+ T 3.2% .
3.92%F1 3%, FES RN FEEFT 1.81%. 3.07%
1 2.99%, It HAETR G MBATH YH AR 42
FERUR B, e T E B3R A 5 VR RS A SR T
M #8PERE
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Tab.1 Comparison of the results of pedestrians, cars and cyclists in the KITTI data set with
the mainstream network under 3D indicators
TA RE Yitr#
Tii: A Bk
i hAE RE S fER PAE [AIXME g hAE M
MV3D! L+C  Two — — — 7129  62.68  56.56 — — —
F—PointNet*®! L+C  Two  70.00 61.32 5359 83.76 7092 63.65 77.15 56.49 5337
ContFuse”] L+C  Two — — — 86.32 7325  67.81 — — —
AVOD-FPND! L+C  Two — — — 84.41 7444  68.65 — — —
VoxelNet!”! L Two  57.86  53.42 4887 8197 6546 62.85 67.17 47.65 45.11
TANet!'!] L Two — — — 87.52  76.64 73 84.53  61.64 57.44
PointPillars!!®! L One 5775 5229 4790 86.46 7728 74.65 80.04 62.60  59.52
Point-GNN™® L One — — — 87.89 7834  77.38 — — —
SECOND*[!¢! L One 5623 5252 4853  88.02 78.19 77.03 81.03 6774  63.88
Ours L One Onme  62.60 5578 50.81 8831 7835 77.19 82.01 67.61
XF SR AE R 1 — — +6.37 4326  +228 4029  +0.16 +0.16 +0.98 —0.13  +0.16
Voxel-RCNN*!'3) L Two  65.63 5990 55.08 8930 83.75 7872 89.20  70.91  68.07
Ours L Two  65.04 5974 5457 89.66 84.30  79.08 92.40 74.83  71.07
XF L SE A5 2R 2 — — -059 -0.16 —0.51 +0.36 +0.55 +0.36  +3.2  +3.92 +3
e L+C RRBOETH R AL AR ATk *FR LWL MO E T R R R RRCR
x2 KITTIHEEPARENEESBEER TMERMELERITLL
Tab.2 Comparison of the results of pedestrian, car and cyclist in KITTI data set with the
mainstream network under aerial view indicators
TA R YT
i RS Bk _ ‘ -
e pAE RME Wi A [RIME e haE IR
MV3D* L+C  Two — — — 86.55  78.1  76.67 — —
F—PointNet!*®! L+C  Two 7238  66.39 59.57 84.02 88.16 76.44 81.82  60.03  56.32
ContFuse!”! L+C  Two — — — 95.44 8734  82.43 — — —
AVOD-FPND! L+C  Two — — — 88.53 8379  77.73 — — —
VoxelNet!”! L Two 6595 61.05 5698  89.6  84.81 7857 7441 5218  50.49
TANet!'!] L Two — — — — — — — — —
PointPillars!'" L One  61.63 5627 5260 89.65 87.17 8437 8225 66.11  62.55
Point-GNN® L One — — — 89.82 8831  87.16 — — —
SECOND*!¢! L One  60.48 5627 5346 89.49 8771 86.42 8329 7077  68.28
Ours L One 65.50 59.11 55.68 89.93 88.11 87.12 84.15 7040 67.67
X LGSR g A5 AR 1 — — +5.02 +2.84 4222 4044  +04 +0.7  +0.86 —-0.37 -0.61
Voxel-RCNN*[!3) L Two  66.84 62.64 56.88 9039 8832 8781 91.40 7296  69.68
Ours L Two  68.18 62.01  56.04 90.41 88.53 88.09 93.21 76.03 72.67
XF L SE A5 2R 2 — — 4134  -0.63 —0.84 +0.02 +021 +0.28 +1.81 +3.07 +2.99

T LHC Fm OIS MM ZBES R G Ir i *Fom S8 M 4% IR 2R iR
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2.4 HELSCIS

I 6 SC— By B = AR R BERY 2
B AT LA S5

— BB 3, g4 1.2 13 A] %1, SFRDEM
Fidh | RL-ECA Hid fil MEMKAF B4 T T 3
Fh 2500 AR ARG I 35 56, SIERH T 3 Ao e () 550tk
HA 4 2 FiEe, SR, 17 AN R
R ORS BE A B m BT, HAMRBIA T TR, HE 5.
6 1 7 J& 3 FIBIEf4 & 5050, ML A 7 B SE B0 45
KE, DRIEENEL a B0 W E R THT AR/
HERRCR, HASG 6 MEmE Rar i, P REZM
FEEL b REMSHETH I 173 b2 rp A0 B ARG I A5C0R, 41
A5 LI RO ARG ¢ BB EE T H bR 2%
AYERE, H R — 2RI e T T A TR . SR

DL 52 56 0 B 0t N 2% 6 % T 4 2 3T /0N B b 9 4
TG B, JF H R BB He 5 il BE % I 4 B 2 19 (T 55
BR

B Fa4, HE 1 MYE 2 FRZEHA
ARG ES 3 A 22 KRB AT RAE SR W 1 o i 2 565
SR 3 F 6 1) B B4 ki 25 5%, R
FEN 3B, AT AROREL, RER 6 B, K4 M
FHERPIRTI R E ., HE 3 RG22 B R AR S
TR ARG 25 5, MR AH A 1 FEHE 2, 3 Fh HFRZE S
WEWAERTE, G 4 FoRE = H A RS -
BN TR EE R A RIS ( DFM ), 45 % 22 0 Bh Rt g 4%
FARTHIS T E e bR . A 5 1 = AR AR RS g 3
fili B3N T CTFFM e, M4 TIREE LA B, 1t
B BE S I — L R TR AT H Fe A, H7EIR 428500
BI/NERTE

% 3 SFRDFM. RL-ECA #1 MFMKAF 3 A=A EIT L LI ( — MY EY )
Tab.3 Comparison experiment of three sets of module combination of SFRDFM, RL-ECA and MFMKATF (the first stage)

MFMKAF TA IS BT &

Ji¥s SFRDFM RL-ECA
a b ¢ R HSE EME i pE WM i P R
HAE 1 v 59.06 53.81 49.62 88.49 78.64 77.52 80.74 66.61 61.60
HE 2 v 57.48 53.25 4858 87.17 78.03 76.86 81.01 64.86 60.25
HE 3 N 57.09 5253 4725 88.48 78.41 77.14 80.19 65.83 61.41
HE 4 v v 59.01 54.54 4899 87.54 78.00 76.66 79.14 67.35 63.30
HES5 v v v 58.02 5279 4797 8822 7830 77.17 82.14 67.69 63.12
HE6 v v R 56.55 5291 47.88 88.19 7829 76.94 83.40 68.18 64.54
HET v v N 62.60 5578 50.81 8831 7835 77.19 82.01 67.61 64.04

* 4 TFFS# GFFM 2 ARHRAEITLEEE ( ZHE )
Tab.4 Comparison experiment of two sets of module combination of TFFS and GFFM (the second stage)
TFFS GFFM TN RE itT &
WARES

G=3 2G=6 DFM CTFFM fij#a % [ExE @& g HxE W pE R
HAE 1 R 6591 60.17 5521 89.11 79.07 78.46 85.74 71.92 68.67
HE2 N 64.84 5920 54.66 89.37 84.60 78.84 86.94 73.39 70.97
HE3 v \ 6537 60.07 54.92 89.45 8447 7891 87.97 7426 71.40
HE 4 v v v 65.50 60.34 5540 89.18 83.76 78.78 91.74 73.46 70.22
HES J . v 65.04 59.74 5457 89.66 8430 79.08 92.40 74.83 71.07
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Fig.7 Visualization of point cloud detection results
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