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Abstract

In order to address the problem of estimating grasp pose under cluttered scenes using single-view
image, we proposed an end-to-end pixel-wise grasp detection network based on hierarchical fea-
tures. We integrated a pyramid pooling module and multi-head structure into a fully convolutional
neural network to form a high-precision grasp pose detection network, effectively handling the
problem of predicting grasps for unknown objects with diverse sizes and poses in clutters. The
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experiments showed that our proposed method significantly outperforms existing methods in
Cornell grasp dataset. Physical experiments on real robotic arms are also conducted, our method
achieved average grasp success rate of 88.0% at 100% completion rate in the challenging grasping
task in clutter with multiple unknown objects.
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Figure 1. The illustration of grasp pose representation
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Figure 2. The diagram of our proposed network architecture
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Figure 3. The diagram of hierarchical pyramid pooling module
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Figure 4. The diagram of multi-head output structure
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Table 1. Experiment results on cornell dataset

5% 1. 7£ Comell #iE&E LRSI ER

HER 2R (%)
(== PIRES W oW g
Morrison et al. [5] GG-CNN 73.0 69.0 Depth
Kumra et al. [3] ResNet50x2 88.9 89.2 RGB
Chu et al. [7] ResNet50 94.4 95.5 RGB
Zhang et al. [14] ROI-GD, ResNet101 93.6 93.5 RGB
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Song et al. [15] ResNet50 96.2 95.6 RGB
Kumra et al. [6] GR-ConvNet-RGB 96.6 95.5 RGB
Baseline-Avg-RGB 89.2 88.1 RGB

Baseline-Avg-Depth 88.6 88.1 Depth

Baseline-Max-RGB 90.9 90.3 RGB

Ours

Baseline-Max-Depth 90.9 89.8 Depth

PPM-RGB 97.2 96.6 RGB

PPM-Depth 96.0 97.2 Depth
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Bom e R, 126, WRIIERE , HEMAR TR . 1 GR-ConvNet S M TCiEAR S S350 7™ 4%
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Figure 5. Visualization of grasp detection results on cornell dataset
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Figure 6. Grasp detection of accuracy at different thresholds
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Figure 7. Object candidates for robotic grasping experiments
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Table 2. Results of robotic grasping experiment
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Kumra et al. [6] Ours

i b7k =ik SR CR =2 SR CR
1# 4/5 80 100 4/5 80 100

n=4 2# 4/5 80 100 4/4 100 100
3# 4/4 100 100 4/4 100 100

1# 6/7 85.7 100 6/6 100 100

n==6 2# 6/8 75 100 6/7 85.7 100
3# 6/9 66.7 100 6/6 100 100

1# 7/12 58.3 87.5 8/12 66.7 100

n=28 2# 6/12 50 75 8/10 80 100
3# 6/12 50 75 8/10 80 100

49/74 71.7 (Avg.) 93.1 54/64 88.0 (Avg.) 100

(c)n=8

Figure 8. Illustration of robotic grasping in clutter scenarios
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