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Abstract

Traditional object recognition research is generally based on RGB image and gray image. RGB im-
age and gray image have their own limitations. Due to the lack of shape information of the object
surface, it is easy to make mistakes when recognizing objects with similar color but different
shapes. Using RGB-D cameras, we can obtain the depth value of each pixel while obtaining
high-resolution RGB images. The depth data contains the information about the shape of the ob-
ject, which can provide new features for object recognition. This paper mainly studies the RGB-D
object recognition algorithm based on deep learning, selects the V1B type of ResNet residual net-
work, and sets the convolution neural network model suitable for extracting RGB-D image fea-
tures through manual parameter adjustment. Two ResNet V1b network models are used to extract
effective RGB features and depth features respectively. In order to extract more diverse features,
dilated convolution is added to the residual network. A full connection method is used to fuse RGB
features and depth features. Experiments show that the neural network structure used in this pa-
per is effective for RGB-D object recognition, and the contrast experiments show that the intro-
duction of dilated convolution effectively improves the recognition rate of RGB-D images.
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Figure 1. ResNet error rate trend graph [11]
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Figure 2. Overall flow chart of RGB-D object recognition algorithm based on ResNet
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Figure 3. RGB features/depth features extraction flow chart
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Figure 4. The role of MaxPooling
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Figure 5. Detailed internal flowchart when passing through the residual network
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Figure 6. Flowchart of feature fusion of RGB and depth features in the image layer
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Table 1. Accuracy results and comparison of various algorithms for object recognition (%)

1 SHERMEIRRI A ER R R (%)

Rk RGB Depth RGB-D
SP + HMP [13] 86.3 87.6 91.0
KSAE-SPMP [8] 87.5 87.6 92.4
CNN-SPM-RNN [15] 89.4 88.5 92.9
AL CRIMA 2T AT 89.3 91.6 92,5
ARSI (N TSR 90.5 92.1 93.2
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ESIERS

7 2 B HE H I3 T ResNet 1) RGB-D A A I LA H e SR BVEEAT 10 EE . AR SCH SRS
WAG T8I 73 BB, UEW] T 55T ResNet 1) RGB RHE5 IR FERAE SR IR R & 777225 T RGB-D #1441
AT R -

Table 2. Various algorithms based on RGB-D dataset object recognition accuracy results (%)

2. SIEEET RGB-D BURERIARIRAIAEREL R (%)

Method Both
SP + HMP [13] 87.5+2.9
CNN-RNN [14] 86.8+3.3
CNN-SPM-RNN + CT [15] 90.7+1.1
Fus-CNN [16] 91.3+14
A SRR I AT A 90.2+18
ASCEEMA T ETR 91.4+1.2

DL it 4y 0% RGB-D $diE 4 A1 2D3D £idE £E 5 A\ 213 T ResNet £ RGB-D W4 iR 7 Sy Sk il i 45
B FIRUER R, ZSZIUE, STER 515 RGB-D ¥R R & T 0.7%~1.2%. L0, =
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