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Detection Method for Cartographic Symbol Space Conflict Based on
Convolution Neural Network
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Abstract: The mapping synthesis operations caused by changes in map scale can easily lead to symbol space conflicts, which can be classi-
fied into three types: line line conflicts, line surface conflicts, and surface surface conflicts. Detecting conflict types can ensure that the map
can still effectively transmit spatial information even after scale changes. Therefore, a convolutional neural network model suitable for symbol
space conflict detection is designed to classify symbol space conflicts in small-scale map images with a resolution of 150 X 150 through data
augmentation and equalization methods. Firstly, transform the map image sets of three types of conflicts and no conflicts into a floating—point
tensor dataset, and use it as the object of data augmentation and equalization to generate a large—scale tensor dataset; Secondly, the large—
scale tensor dataset is fed into a convolutional neural network consisting of one input layer, four pooling layers, three convolutional layers, one
flattening layer, one fully connected layer, and one output layer for training, resulting in a network model suitable for symbol space conflict de-
tection; Finally, input the map image to be classified into the trained network model to obtain the symbol space conflict type of the image. By
using actual map data to verify the performance of the model, it was found that compared with traditional detection methods, the proposed
method has higher detection accuracy and has the potential to be applied in practical detection scenarios.

Key Words: convolution neural network ; symbol space conflict; cartographic image; data enhancement and balance
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Fig.1 Principle of utilizing CNN
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Fig. 2 Framework for training CNN
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Table 1 CNN network parameter settings
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Fig. 3 Examples of data enhancement for horizontal-horizontal con-
flict
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Fig. 4 Style of map image
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