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[Abstract] The three-dimensional object detection algorithm based on point cloud is one of the key technol-
ogies in the autonomous driving system. Currently, the voxel-based anchor-free detection algorithm is a research hot-
spot in academia, but most researches focus on designing complex refinement stage, at the expense of huge algo-
rithm latency, to bring limited performance improvement. Although the single-stage anchor-free point cloud detec-
tion algorithm has a more streamlined detection process, its detection performance cannot satisfy the needs of auton-
omous driving scenarios. In this regard, based on the anchor-free detection algorithm CenterPoint, a single-stage an-
chor-free point cloud object detection algorithm for autonomous driving scenarios is proposed in this paper. Specifi-
cally, the encoding and decoding sparse module is introduced in this paper, which greatly promotes the information
interaction of the spatial non-connected areas of the three-dimensional feature extractor, ensuring that the three-di-
mensional feature extractor can extract features that satisfy various target detection. In addition, considering that it
is challenging to adapt the existing two-dimensional feature fusion backbone to the center-based head, in this paper
self-calibrated convolution and large kernel attention modules are introduced in to effectively extract point cloud fea-
tures of the target area, which are then gathered into the center point area , thereby improving the algorithm’s recall

and accuracy of the target. The proposed algorithm in this article is trained and experimentally verified on the large-
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scale public dataset of nuScenes. Compared with the benchmark algorithm, mAP and NDS are increased by 5.97%

and 3.62% respectively. At the same time, the actual road experiments with the proposed algorithm are conducted

on a self-built vehicle platform, further proving the effectiveness of the proposed algorithm.

Keywords: autonomous driving; deep learning; point cloud detection; anchor—free
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BIHETE T 2. 48%.3.05% .6. 97% 7. 24% . H T
RO XT T B AT 4% (Bicycle ) 3X /28 146 14 BE 2 7+
B SRR IR BE SR T T 14, 6% D9 1 BN
UL X L 2 JS 58 5 Baseline YR IR RE
TE nuScenes $iE 5 b7 o] AL XS e, an el 7 s o
PET v o €2, 300 A Ay ELAEL, 8 €300 FHE A TAE , 218,

F1 HigtE %5 Baseline LI 45 R XLt
RS Car Truck Bus Trailer Ccv Ped Motor Bicycle TC Barrier mAP NDS
Baseline 0. 849 0.574 0.708 0.381 0. 169 0. 851 0.59 0.420 | 0.698 0.683 | 0.5922| 0.6648
WO 0.8631| 0.5988| 0.7385| 0.4507| 0.2414| 0.8669| 0.7364 0.607 | 0.7502| 0.666 | 0.6519| 0.7010
27+ +1.41% | +2.48% | +3.05% |+6.97% |+7.24% |+1.59% |+8.8% | +18.7% |+5.22% | -1.7% |+5.97% | +3.62%

K7 PhiFE Y5 Baseline 1] AL R
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2024 4F (45 46 )5 7

W6 I3 2 A, B i [ o ke . AN AR L 56 1
174 Baseline MR S5 5L, 275 247 Ry ede it 5 0 1 46
2s R, P AT LB BE, ek s A R AR A
F Baseline 43 55 /0> () 15 K6 AR A , 10E— 25 30 B i ok
Je A A G T B A

g it R 585 5 H AT R S TR R 1 05
25 K I 595 7E nuScenes S5 IF4E I 1) S S0 HE T X HE
MF2 R, NmAPKE , Frig i A kK T

PointPillar—-MultiHead™ . CBGS™! . CenterPoint .
VoxelNext'™ | CenterFormer?'' | PillarNet (res18) ' |
Li3DeTr™ | UVTR-L"*" | Transfusion-L 43 %] #& JF
20. 56% ., 14.60% ., 5.97% ., 4. 66% . 9.79% . 5.29% .
3.79%. 4.29% . 0. 62%, NDS 43 %] #& F+ 11.87% .
7.81%. 3.62%., 3.45%. 4.90% . 2.71%. 2.50% .
2.40%.0.67% " . LI EERAE , Frie th Ak
WA T Em A A TR R AL

F2 BMHEESEREEMEEXTL

(=R7S mATE | mASE | mAOE | mAVE | mAAE | mAP 1 NDS 1
PointPillar-MultiHead 0.3387 0.2600 0.3207 0.287 4 0.2015 0.446 3 0.5823
CBGS 0.3115 0.2551 0. 266 4 0.2626 0.204 6 0.5059 0.6229
CenterPoint 0.2880 0.2543 0.3727 0.2155 0.182 4 0.5922 0.664 8
VoxelNext 0.301 1 0.2523 0. 405 7 0.2169 0.1856 0.605 3 0. 666 5
CenterFormer 0.2750 0.2520 0.2750 0.2430 0.208 0 0.5540 0.6520
PillarNet(res18) 0.2772 0.2520 0.2893 0.2467 0.191 1 0.5990 0.6739
Li3DeTr 0.6140 0.676 0
UVTR-L 0.3340 0.2570 0.3000 0.2040 0.1820 0. 609 0.6770
Transfusion-L 0.2797 0.2537 0.293 2 0.2732 0.185 4 0. 6457 0.694 3
[leTa=R7Y 0.276 9 0.2527 0.338 4 0.196 0 0.1860 0.6519 0.7010

2.4 HEIS TR — AEFRRIE B IBGE , 59219 mAP A NDS AHEL T

R 56 UE T 4 1 SRk P O R B B AT R L TR
nuScenes FUHE 4 b I 2596 T4 FP A RY 1 A8 4, 52
By RANFE 3 iR o Horp vk e B EE FPS J2 T8
2080Ti . K 75 o LA CenterPoint 4] #f #5254 Oy
Baseline, Bl J5 4 YK 75 1 86 2% 7K 2 (DynamicVoxel ) |
9 1 M AD M B = 4E 4 R $2 A (SED-3D-
Backbone) . K #% — 4k ¢ 1 @il & & T (LK-2D-
Backbone) ,IoU 43 32 (IoU-Branch) A X 8] [w] £ 5328
7737 (Direction—Cls) FE B8 45 i AT500 . R
LA B A S SRR et Ir N2 5, SRk
mAP FINDS 73 5|42 7+ 1 0. 89% 1 0. 36% , 3% % B 5l
R G iy AR T A 2 2y =0 fm s 2
REAE W) 2L 3 0B A5 = v IR A (]I Ol = 4R IR S K
a iR S Y S B IE . B A A G i

BT Baseline 73 1 #2 7+ T 3. 88% Hil 1. 59%, 1 5.9 Y
WP BE (LR T 0. 8 FPS. AHER TR UG 1Y = 4 45
TEHRE IR, 0 B o B P A TR T, A
A TAER BERT . X RIZA LR =4t
SAE SR HAS BENS AT 5 A1 E 4 [ DX 3 P R AE
M5 B8 H. . B, A SCHE th i R R & T
B E i i ELA £, AR5 T Y Baseline , mAP Fll
NDS 70 4T T 0. 75% H1 1. 13% , 58 1 4 B B4
i 12.3 FPS F &S] 11. 6 FPS, JE— 4T T B /Y
R o X R i Kl & =55
O 1 1) TG Al REE A DN S BN L BB AR H A X 3
A RS R EAR A R AL B H AR bl i X, g —
A BN ToU 43 337 H ToU 13438 1 H A 845 JE
15357 SRk BRI BE AR IS T — 2 42T, mAP Al

£R3 HUHEETE nuScenes I IF & _FHYEEESLIE

Baseline DynamicVoxel SED=3D= | LR2DBacke | pranch | Direction—Cls mAP NDS FPS/Hz
Backbone bone

N 0.5922 0. 664 8 13.5
J N 0.601 1 0. 668 4 13.1
J N N 0.6399 0.684 3 12.3
N N N N 0.647 4 0.6956 11.6
N N v N N 0.649 5 0. 699 6 11.4
N N N N N N 0.6519 0.7010 1.4
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NDS #87 Baseline 73 il #2 F+ 17 0. 21% F10. 40% ., fx
S, PRI Sk A K s 1] 7 o3 25035, i — P PR T
T H AR A W0 A HERG I, mAP FITNDS 43 5
I T 0.24% F1 0. 14%. 7] LLRIR, e 2 3k HE T
HEE AT Baseline fUT B 2. 1 FPS, A8 b P 1
R L AR

2.5 EhRH=EER

Skt — 25 B UE A Je 0 SR A S PRl

(A 50 K ek s i SRR B A R B BE 4T
G, ME 8 R . LR T —1> 80 L ls O
T IEFI—HA RTX-2080-Ti <A ML, 7E5E
PRIE 7 5o ok 46 1Y R 2 B A T SRR i, A K
RN FrR . AT LLE WA B YGE T, i

HEJE BRI A Z R Sl S T R S AR
AE , AEAES T s AS I 25 2501 H A

Robosense 80-beam Lidar

K9 Sehrif s sl nl BiAk

3 4Eip

DL TGS HE G2 0 557 CenterPoint i JE e $2H T
— PP IAi 1] F 3072 Bl 5 1 BB BOCHTE s = B ARAS:
DB . BRI, Gl 3k 5 | S i e s i A e, A
T HN A SRR AR SR IR RE T 4R
& P BE A% 42 IR 0 2 %28 HARAS I B R AE . Ut
HbTE ZHERHERLGS TR B AE B R FIR
R i IR BRAE A 54 B R H AR DI £ =
fiE, IFRE H AR XY £ 2 FRAE SR AL 2 ol s DX, A
B FHIRE X B A 0 4 [m] 3RS MRS B . IR, A%
SCRRAAZR Gt J7 IR 3k

JIr b B A B R A T A 4E nuScenes I
HEAT T SR I, 5 B A LU T B M RE
$ETbo SRR AT R SR AR SE BB R R AT
Bk, P UE B TR SRR R AL . HE M

SCUR AR A B, SR X T AR M AR CR A BT T
W, i Sk /N BRI AT, I — 2D 4R T
TEHEE

S 3Lk
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