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Abstract

In order to achieve accurate image matching in robot recognition navigation, a new method for
detecting matching feature points using a new deep neural network as a detector is proposed.
Build a deep neural network model based on the data set to implement the mapping from the im-
age to the feature point probability map. Then extract the position of the key feature points through
non-maximum suppression of the obtained feature map. Finally, match the detected key feature
points accurately to find the most matching image. Experiments show that the method of key fea-
ture points detected by deep neural network can make the matching rate high, and further expe-
riments have found that it can also achieve accurate image correction. Compared with the tradi-
tional method, the method of deep neural network as a detector has significant advantages.
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Figure 1. Algorithm implementation flowchart
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Table 1. Data preprocessing parameters
= 1 BURTALESH

S AR £pd SHIUE
gaussian_noise B e 0,1
translation_horizontal KPR EME 2 BE S (20, 20)
translation_vertical MHBIEEEE (=20, 20)
shearing_x W x 7 8T (-0.2,0.2)
shearing_y Wy 7 sy (-0.2,0.2)
scaling_x TEP ) O (0.7,1.3)
scaling_y R ) ON (0.7,13)
rotation ek f B (=20, 20)
random_brightness BEAL B (0, 100)
random_contrast BEHL AR L (1,3)
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Figure 2. Structure of deep neural network
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Figure 3. Template images for six categories
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Figure 4. Extraction of key feature points using deep neural network: (a) Original image input to the deep neural network
model; (b) Feature point probability map calculated by the deep neural network model; (c) Key feature points extracted by
non-maximum suppression
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Figure 5. Image matching results: (a) Image matching using deep neural network as a detector; (b) Image matching using
Sift method
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Figure 6. Image correction results
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