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Loop Closure Detection Method Based on Unsupervised Deep Learning
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Abstract Loop closure detection is one of the most critical parts for simultaneous localization and mapping (SLAM) systems. It
can reduce the accumulative error in SLAM system. If the tracking is lost during localization and mapping,it can also use the loop
closure detection for relocation. Image features learned from neural networks have better environmental invariance and semantic
recognition capabilities compared to traditional hand-crafted features. Considering that the landmark-based convolution features
can overcome the defect that the whole image features are sensitive to viewpoint changes, this paper proposes a new loop closure
detection algorithm. Firstly,it directly identifies the saliency region of the image through the convolutional layer of the convolu-
tional neural network to generate a landmark. And then,it extracts the ConvNet features from the landmarks to generate the final
image representations. In order to verify the effectiveness of the algorithm, some comparative experiments were performed on
some typical datasets. The rusults show that the proposed algorithm has superior performance,and has highly robust even in
drastic viewpoints and appearance changes.
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Fig. 1 Structure diagram of system
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Table 1 Parameter settings
layer Kernel size  Output number  pad stride
convl 5 64 4 2
pooll 3 64 0 2
conv2 4 128 2 1
pool2 3 128 0 2
conv3 3 4 0 1
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