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Convolutional Neural Networks with Candidate Location and Multi-feature Fusion
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Abstract
recognition in complex environment, an object recognition model based on convolutional neural networks with candidate

To solve the problem that the traditional manual feature extraction models are unable to satisfy object

location and multi-feature fusion (CLMF-CNN) model is proposed. The model combines the visual saliency, multi-feature
fusion and CNN model to realize the object recognition. Firstly, the candidate objects are conformed via weighted Itti
model. Consequently, color and intensity features are obtained via CNN model respectively. After the multi-feature fusion
method, the features can be used for object recognition. Finally, the model is tested and compared with the single feature
method and current popular algorithms. Experimental result in this paper proves that our method can not only get good

performance in improving the accuracy of object recognition, but also satisfy real-time requirements.
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Fig.1 The structure chart of CNN model
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Fig.2 The structure chart of CLMF-CNN model
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Table1l Parameters setting of our method

23 (HIEN SHIE A BRUE
1 LHE 100 TXT
2 FRFEZ 100 2%2
3 LHRE 150 4x4
4 TRMZ 150 2x2
5 LHZ 250 4x4
6 R 250 2x2
7 AER 300 1x1
8 AR 8 1x1

W R Sigmoid
PN Mean square error
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Fig.3 The extraction of object candidate
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