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ABSTRACT: Recently, demand for designing own space is increasing as the rapid growth of home furnishing market. However, there
is a limitation that it is not easy to compare the style between before construction view and after view. This study aims to translate real
image into another style with GAN model learned with interior images. To implement this, first we established style criteria and collected
modern, natural, and classic style images, and experimented with ResNet, UNet, Gradient penalty concept to CycleGAN algorithm. As a
result of training, model recognize common indoor image elements, such as floor, wall, and furniture, and suitable color, material was
converted according to interior style. On the other hand, the form of furniture, ornaments, and detailed pattern expressions are difficult
to be recognized by CycleGAN model, and the accuracy lacked. Although UNet converted images more radically than ResNet, it was more
stained. The GAN algorithm allowed us to represent results within 2 seconds. Through this, it is possible to quickly and easily visualize
and compare the front and after the interior space style to be constructed. Furthermore, this GAN will be available to use in the design
rendering include interior.
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Figure 1. Representative images of each style
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Figure 2. Architecture of CycleGAN

Table 1. Style classification standard by components

Style |Components Features

Colors e Usually achromatic colors, Blue, Blue Green

¢ Achromatic marble or plastic tile
e Translucent timber colored with ivory or gray

T

* Matte material of neutral color and paint
e Gray tone or simple stripe

Modern Wall

e Simple design without patterns and ornaments

o Cold materials like leather, metal, and stone

e Cotton, linen, and leather with low saturation color
Texture | * smooth texture rather than rough texture
 Geometrical and simple bold pattern

Furniture

Props | Monotone props with simple shape

Colors | e Dark Brown, Crimson, Magenta, Dark Green

 Marble or grid tile timber with low brightness

Floor ll 4 .

¢ Silk, gold wallpaper
e Traditional pattern with many moldings
Wall e Orange or yellow with low brightness

- . .

e Substantial wood with gold ornaments

Furnit ) ) .
urnire Antique and diverse material
e Calm saturation and brightness is important than
Texture -
material
Gold and crystal pi
Props * Gold and crystal pieces

e Pottery, painting, candlestick and fireplace

Colors | Ivory, Brown, Beige, Green

e Vivid brown timber not related to brightness
e Natural texture rug

Floor
e Matte natural and rough texture
¢ Plastered wall or green, beige color
Natural Wall |
. e Texture and color of hardwood
Furniture

¢ Simple and crude design

* Bright natural material like cotton, silk and linen
Texture | Natural weaving and realistic flower-leaf pattern
e calm and weak check pattern

Props | Dry flower, quilt, bamboo basket and frame
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Figure 9. Modern—natural translation with ResNet

Figure 10. Modern—natural translation with UNet
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