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auto-encoder extreme learning machine
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Abstract: Learning rich representations efficiently plays an important role in RGB—-D object recognition
task, which is crucial to achieve high generalization performance. For the long training time of
convolutional neural networks, a Hybrid Convolutional Auto-Encoder Extreme Learning Machine Structure
(HCAE-ELM) was put forward which included Convolutional Neural Network (CNN) and Auto-Encoder
Extreme Learning Machine (AE—-ELM), which combined the power of CNN and fast training of AE-
ELM. It used convolution layers and pooling layers to effectively abstract lower level features from RGB
and depth images separately. And then, the shared layer was developed by combining these features from
each modality and fed to an AE-ELM for higher level features. The final abstracted features were fed to
an ELM classifier, which led to better generalization performance with faster learning speed. The

performance of HCAE-ELM was evaluated on RGB—-D object dataset. Experimental results show that the
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proposed method achieves better testing accuracy with significantly shorter training time in comparison

with deep learning methods and other ELM methods.
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Fig.1 ELM classifier architecture
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Tab.1 Recognition accuracy for different

approaches
Methods RGB Depth RGB-D
Nonlinear SVM!'™ 74.5+3.1  64.7#2.2  83.9+3.5
HKDES ™! 76.1£2.2 757 £ 2.6 84.1x2.2
CNN-RNN! 80.8+4.2 789 + 3.8  86.8+3.3
CNN features!"! 83.1+2.0 NA 89.4+1.3
CNN-SPMP-RNN2 83.6£2.3  85.2+1.2  90.7x1.1
MM-ELM-LRF®2! 823432  82.8+2.1  89.3%1.5
HCAE-ELM 84.3+3.2  82.9+2.1  90.2%1.5
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Tab.2 Training time
Methods RGB Depth RGB-D/s
CNN-SPMP-RNN NA NA 7100
HCAE-ELM 571.44 s 435.36's 781
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Fig.5 Testing accuracies of different methods vs the number of

hidden layer nodes
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