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Abstract: A point cloud object detection network, Pillar-FFNet, is proposed by introducing a multiscale
feature fusion strategy and an attention mechanism to address the ineffectiveness of PointPillar in detecting
small sparse objects in point clouds in autonomous driving road scenarios. First, a backbone network
based on a residual structure is designed for feature extraction in the network. Second, a simple and effec-
tive multiscale feature fusion strategy is designed to address the problem that the feature maps fed into the
detection head do not make full use of the semantic information of high-level features and the spatial infor-
mation of low-level features. Finally, a convolutional attention mechanism is proposed to treat information
redundancy in the feature maps extracted using the backbone network. To validate the performance of the

proposed algorithm, experiments are conducted on the KITTI and DAIR-V2X-I datasets. The results
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show that the proposed algorithm achieves maximum average accuracy improvements of 0. 84%, 2.13%,

and 4.02% for cars, pedestrians, and cyclists, respectively, on the KITTI dataset and maximum average

accuracy improvements of 0.33%, 2.09%, and 4. 71% for cars, pedestrians, and cyclists, respectively,

on the DAIR-V2X-I dataset compared with the PointPillar results. Experimental results demonstrate the

effectiveness of the proposed method for the detection of sparse small objects in point clouds.

Key words: small object detection; point cloud sparse; PointPillar; residual structure; multi-scale fea-

ture fusion; convolutional attention
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Tab.1 Result for 3D detection on KITTI validation dateset
Car(IoU=0.7) Pedestrian(IoU=0.5) Cyclist(IoU=0. 5) mAP/% FPS/
Algorithm i .
easy middle hard  easy middle hard  easy middle hard (middle) (framess ")
Second 88.25 78.56 77.14 54.72 50.65 45.93 80.72 63.92 60.89  64.37 26. 25
PointPillar 87.08 77.55 75.82 54.43 49.31 45.56 81.45 63.16 59.91 63. 34 36.49
PillarNet 87.25 77.72 76.49 51.43 47.53 44.42 81.95 63.20 59.12 62.81 19. 96
Pillar-FFNet 87.92 78.17 76.62 56.24 51.44 46.72 85.47 65.55 61.49 65.05 10. 00
#z2 DAIR-V2X-IWiIE&E PR =40 NER
Tab.2 Result for 3D detection on the DAIR-V2X-I validation dateset
Car(IoU=0.7) Pedestrian(ToU=0. 5) Cyclist(ToU=0.5) mAP/ % FPS/
Algorithm ) .
easy  middle  hard easy middle  hard easy middle hard (middle) (framess™")
Second 80.13 68.84 68.87 64.35 60.41 60.57 64.64 39.32 39.43 56.19 12.69
PointPillar 80.04 68.86 68.89 63.35 62.06 62.09 61.51 37.51 37.61 56. 14 15.13
PillarNet 80.21 69.82 69.86 64.89 60.82 60.84 62.98 38.66 40.06 56.43 11.42
Pillar-FFNet  80.37 69.03 69.06 65.44 62.23 62.26 66.22 39.35 39.43 56. 87 8.18
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Fig. 6 PR curves for four comparison algorithms on KITTI validation dataset
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4. 4.2 EHESH
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(a) KITTIEGF£E | PointPillarfé: il 4t 5
(a) PointPillar detection results on KITTI validation dataset

(b) KITTIZ: 1iF £ | Pillar-FENethé: il 2 5
(b) Pillar-FFNet detection results on KITTTI validation dataset
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(c) PointPillar detection results on DAIR-V2X-I validation dataset

(d) DAIR-V2X-1531F & | Pillar-FFNethé: il 45 5
(d) Pillar-FFNet detection results on DAIR-V2X-I validation dataset
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Fig.7 Visualisation of detection results
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MFHead ; 325 2 £ MFHead 19 S, Fl S, Rl 4, S,
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A,S,,S:, S il A LK 4% MFHead 3 # 4
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MA i CBAM B R ; 525 7K CAMA
B P ECA BB AR Er 5 5250 84 CAMA 5 B
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Tab.3 Effect of different fusion methods on detection of

Pillar-FF Net detection heads

Algorithm Car  Pedestrian Cyclist mAP/%

Pillar-FFNet ~ 78.17 51.44 65.55  65.05
experiment 1~ 77. 30 52.83 61.69  63.94
experiment 2 78.21 52.76 62.98  64.65
experiment 3 74.13 46. 86 52.34  57.78
experiment 4 77.31 49.19 62.83 63.24
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Tab.4 Effect of different attention modules of Pillar-FF-

Net on detection

Algorithm Car  Pedestrian Cyclist mAP/%
Pillar-FFNet  78.17 51.44 65. 55 65.05
experiment 5 77.73 51.35 63.63 64.23
experiment 6 77.75 47.04 63.21  62.67
experiment 7 77.53 51.41 63.86  64.27

experiment 8  77.98 49. 86 60. 59 62.81

RS ARG TR B R 08

Tab.5 Effect of modules designed in paper on detection

Algorithm Car Pedestrian Cyclist mAP/%
CAMA-+MFHead 78.17 51.44 65.55 65.05
CAMA 78.07  48.08 61.23 62.46
MFHead 76.85 52.94 64.45 64.74

H3X3BRAE , LRGERMELFR, K5,
Wit 3 20 525 5 4E MF Head #5301 3k il CAMA #
HRox e I B 04 5% e+ 5 — 2 S 58 W] s SR FH MIE -
Head fil CAMA B8 ; 55 — 41 52K AUR FH CAMA
B 5 5 = 41 S 50 A R ) MF Head #5903k |, 52 46
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