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Abstract

Aiming at the problems of heavy workload and low efficiency of manual coloring of landscape de-
sign drawings, a landscape coloring model based on convolutional neural network, transfer
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learning and image style transfer was established. The model used VGG network to extract the
features of landscape design map, color style map and generated map, and realized the coloring of
landscape design map and the color transformation of landscape seasons by minimizing the total
loss function. The experimental results show that the coloring model based on VGG-16 network
has better coloring effect, and the coloring model based on VGG-19 network has better effect of
landscape seasonal color transformation. The average loss of coloring model based on VGG-16
network to landscape design map coloring and landscape seasonal color transformation is 0.015
and 0.011, respectively. The average loss of the coloring model based on VGG-19 network to the
coloring of landscape design drawings and landscape seasonal color transformation is 0.027 and
0.007, respectively, which verifies the validity and practicability of the model and provides a new
method for the coloring of landscape design drawings.
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Figure 1. VGG-16 network model structure diagram
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Figure 2. VGG-19 network model structure diagram
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Figure 3. Coloring model diagram
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Figure 4. Image comparison is generated by coloring experiment
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Figure 5. Landscape seasonal change experiment to generate image comparison map
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Figure 6. Comparison of total loss in VGG-16 and VGG-19 network coloring experiments
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Figure 7. Comparison of total loss between VGG-16 and VGG-19 network landscape seasonal change experiments
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