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0 Introduction

Motivation
© Improve image vectorization results

© Create smaller / more abstract vector

images
VECTOR RASTER

Approach Raster Vector
© Use autoencoder for noise reduction

© Evaluate effect of high-pass filter S o L s
preprocessing

© Builds on previous work by
Amesberger & Fischer
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[p) Background

Input 0

Autoencoder i AN

© Feed-forward neural network

© Bottleneck removes noise -

Input 4

[
[
(e
© Unsupervised: Try to recreate input -
DR
o)

Raw Image Sobel Image

High-pass filters
© Focus on high frequencies in the image

© Commonly used for edge detection
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0 Evaluation pipeline

Raw Image Grayscaling

Vectorization —>{ Rasterization

© Evaluate multiple combinations of © Quality is measured by similarity to
autoencoding & filters input image

© Using Sobel & Canny edge-detection © Quantified by structured similarity
filters index (SSIM) & SVG path count
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o Evaluation

Path count

SSIM
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o Without autoencoder

Sobel Sobel-vect
Grayscale g% | Vectorization R
> = i L (’:“_‘ » . .,
A i

Filtering

v
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o #i5| Vectorization
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o With autoencoder

Grayscale

oA -.-.v.'! Autoencoding

Autoencoded

Filtering

dec-sobel

dec-sobel-vect

dec-canny

Vectorization
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o Some more exemplary results
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0 Conclusion

e

Investigated various improvements to image vectorization

High-pass filter highlights object, but vectorization is bad

Autoencoder removes noise, object features become clearer

Quantitative results: SSIM increases, path count decreases
— goals reached
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