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Global voxel feature interaction-based 3D object detection

Liu Mingjie ,Wei Yu,Chen Junsheng,Liu Ping,Piao Changhao

(School of Automation, Chongqing University of Posts and Telecommunications ,Chongqing 400065, China)

Abstract: To address the inability to model the long-distance dependence of features due to the limitation of local receptive fields, and
the destruction of topological structure caused by the window division strategy for point cloud data in most 3D object detection, this article
proposes a global voxel feature interaction-based 3D object detection method. First, a long-range context feature extraction module based
on the Hilbert space-filling curves and Mamba is designed. It employs Hilbert curve ordering to serialize the voxel space while preserving
spatial locality among voxels, and leverages the capability of Mamba in processing long sequences to capture point cloud context features
with long-range dependencies, significantly enhancing the ability to model global contextual relationships. Secondly, an adaptive voxel
diffusion module based on feature map intensity is introduced, which facilitates large-scale long-range feature interactions between voxels
by dynamically generating diffused voxels to enhance the semantic representation capacity of target center voxels. Furthermore, a spatial
feature recovery operator is proposed to compensate for information loss during serialization and aggregation, leveraging the local structure
preservation of submanifold convolution and the global modeling capability of Mamba to further synergistically optimize both local and
global feature representations. Experiments on the KITTI dataset show that the method achieves state-of-the-art performance, with
82.36% , 61.96% , and 66. 05% accuracy on the car, pedestrian, and cyclist classes at moderate difficulty, while maintaining a high
inference speed of 19 frames per second (FPS). The proposed method represents a superior balance between accuracy and efficiency. In
addition, by comparing our method with others in real road scenes intuitively. It demonstrates that the proposed method has strong
generalization ability and practical application potential.
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Her, y, e 10,1} FRE b ARHER) T mbr%s ,p, 8
TNIZEHAE B T 7 I AR

SR BRBCH BRI A inART BRI

Lya =B\Ly +ByL,, +BsLy, (23)

SmoothL1 ( Ai) (20)
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A S 23 RV AT A — R A B B (x,y,2) X
3ANYE FE WA S IX 38 43 il R (0, 70.4) ., (-40,40) F1
(=3,1) XIS = A T G SORFEPR 16 000 4N, 14K
FRUMEEH(0.2,0.2,0.125) , A 2 3% R #ET
Yk, B oK R AL IR/ INA 2, R FH ELECRAE ML RH A%
TR G SR A AdamW A5 AL 25 0EF TS R 25
AL, WA 2 > FRFIAY F 98 18 R 5. 625% 107 F1 0.1,
epoch /N4 80 AR LCF-HM BN 0h 6,

3.1

(mean average precision, mAP ) /F =4k H AR RE HY
LEEVFIAEAR . M i F ARSI AR 6 R A4 (0] R L 6]
A, Hat B A0y

TP
Precision = ————— (24)
TP + FP
TP
Recall = ——— (25)
TP + FN

Hor TP R IEREAR 280 IEREA B FP 32
K UREAR A3 R IEREAR B, PV R IEFEAR S 2
SRR AR AT 1 N R 2 AR B R AT L
P g E AR K RS B2 5 43 8128 ¢ & (precision-recall, PR)
2k, 12 1 28 5 A0 s il 6 FB1 X 3 ) ot R 5 38 H B AG
W ERE B

KITTI B85 £ 28 R4 AT NS 17 & #1778
AR I HE B2 5 0.7.0. 5 F10. 5, 7E1HA B sk
DAY mAP B >R KITTL B 7 B bnifE R40 Ff(E 2447
TR, ZARAE PR IR 53R L 40 A4 EDR A
FEAE AR B O R A (8] X 8] P 9 e RORG B (A7 R 4%
MATTE B PR R 4 JRy 3505 0k 2 52 e, e J b e ) &5 2R A
3D FefE b AH AR AL X E
3.3 XFLESLIG AR

T B UE GVINet AR, A SCHE KITTI $554E 1
S HAMIET 509 3D HARK I A TR REXT L5
HARGERINE 1 PR, AT HALEIER 3D H ARk
$35 , GVINet #£ KITTI Fdla4E XA 4 A7 NFIRATE 1)
R 235 SR B A e M i, D2 H bR A o A X O

3.2 TR IERR 1), AR 3C 5 5 B R A 2 40 05K 2 T 82.36% L61. 96%
KITTI 248 5 09 PP Al AR & rh R 0P YR R 66.05%
F1 AFREFHZEE KITTI BiESE EH 3D #&iMFE BT
Table 1 Comparison of 3D detection accuracy of different methods on the KITTI validation set
. K% TN/ % Bty /% W, B
i iy 2. 4 A ¥ iy B 4k R 3 ey B s R A G M
SECOND '/ 89. 55 79. 67 74.34  59.60 5213  46.60  80.36  63.57  59.65 76. 8 4.6
PointPillar!'*! 88.57 79. 45 76.69  55.54  49.84 4599  82.38  62.91  58.73 63.4 4.8
3%k PointPillars! > 89.23 81.82 77.46  58.25  52.66  48.45  85.37  65.25  61.01
23k PointRCNN?”! 88. 87 78. 61 77.73 63.33  56.24  51.24
DSVT-Pillar! '’ 87.30 77. 40 76.20  61.40  56.80  51.80  82.30  67.10  63.70  221.8 6.0
DSVT-Voxel ') 87. 80 77.80 76.80  66.10  59.70  55.20  83.20  66.70  63.20  303.8 6.1
Pv-renn! 90. 25 81.43 76.82 5217  43.29  40.29  78.60  63.71  57.65 89.2 12.4
PL++!%! 86. 60 75.23 70. 34 41.53  33.89  31.42  62.80  48.97  42.80
Part-A203) 85.94 77.86 72.00 5449  44.50  42.36  78.58  62.73  57.74 76.0 23.0
SeSame! ") 85.25 76. 83 71.60 42,29 3534  33.02  69.55 54.56  48.34
VPFNet!*?! 88. 15 80.97 76.74  54.65  48.36  44.98  77.64  64.10  58.00
LION-Mamba >’ 88. 60 78.30 77.20  67.20  60.20  55.60  83.00  68.60  63.90 291.4 4.5
GVINet 90. 84 82.36 79.83  69.78  61.96 56.54  85.48  66.05  61.85 217.9 4.7
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Fig. 6

Comparison of detection effects of GVINet and LION-Mamba in complex pedestrian scenes
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Fig. 8 Comparison of detection accuracy and speed

of different methods on the KITTI dataset
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Table 2 Ablation experiment results (%)
i K (SUN Witi#
L LCF-HM  {REY L SFRO - . -
fiy B A EEki3 iy B LR Rl X fay o LR PR
Vv 87.77 78. 14 75.82 61.86 57.70 51.69 82.18 63.48 59.92
Vv vV 89. 53 79.31 77.59 64. 02 58.34 53.47 83.11 63.53 59.70
Vv vV Vv 89.71 80. 85 78.23 68. 68 61.43 55.83 83.29 65.97 60. 03
Vv VvV VvV 90. 23 81.11 78. 14 65.33 59.13 54.91 83. 58 64.16 59. 88
Vv Y4 Vv Y4 90. 84 82.36 79.83 69.78 61. 96 56.54 85.48 66. 05 61.85
&3 SFRO B &S
Table 3 SFRO effectiveness analysis (%)
} HE (GUN BT H
7‘5‘& i St S Sk i 8
fAj o g Ehi3 fij 2. thEE ahii fij 24 LR ]
Baseline 89.71 80. 85 78.23 68. 68 61.43 55.83 82.29 65.97 59.03
MLP 89. 84 81.28 78.36 69.92 61.44 55.79 83.73 66. 41 60. 35
Conv 90.23 81.49 78. 80 68.72 61.91 56.32 85.01 66. 47 61.31
SFRO 90. 84 82.36 79.83 69.78 61.96 56. 54 85.48 66. 05 61.85
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Table 4 The impact of the number of LCF-HM modules on model performance (%)
LCF-HM R/ % TN/ % W11/ % P
Bk ] £ hag PR 3 ] B hag PR 3 ] £ A I 3
N=2 89. 80 81.03 78.73 67. 16 61.03 55.93 86. 17 65.02 61.11 4.0
N=4 89. 21 81.65 78.73 67. 83 61.04 55.52 85.41 66. 45 62.53 4.4
N=6 90. 84 82.36 79.83 69.78 61. 96 56. 54 85.48 66. 05 61.85 4.7
N=8 91.22 81. 86 78. 88 61.39 55.08 50. 21 81.94 60. 68 56. 64 5.1
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(a) LION-Mamba visualization of detection
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Fig. 9 Comparison of detection effects of GVINet and LION-Mamba on actual roads scenes
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