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Abstract The most of the IR focus on the method for searching the document, so the keyword-based IR system
is not able to reflect the feature information of the image. In order to overcome these limitations, we have developed
a system that can search similar images based on the vector information of images, and it can search for similar
images based on sketches. The proposed system uses the GAN to up sample the sketch to the image level, convert
the image to the vector through the CNN, and then retrieve the similar image using the vector space model. The
model was learned using fashion image and the image retrieval system was developed. As a result, the result is
showed meaningful performance.
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Table 1. Amazon Categories Sample

Depth 1 Depth 2 Depth 3 Depth 4
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y ot Shirts
Clothing, Shoes & en othing
Jewelry Shorts
Shirts
Women Clothing
Shorts
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Table 2. Result of Precision

Model Precision
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Fig. 1. Extraction of Feature in Image using Global
Average Pooling Layer
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Fig. 2. Image Feature Embedding using T—SNE
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Fig. 3. The Structure of Vector—based Image Retrieval and Sketch—based Image Retrieval Model
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Table 3. Result of Precision at 5

Model N. of Data N. of Proposed | Baseline
Success
vedorbased | g5q00 | g7y 774 2
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