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Background

e Style recognition will help Post-

. - : Symbolism Impressionism  Expressionism
analyzing of images/videos. ; -

* However, style recognition is

more difficult than content =
recognition. 9
* Some images have common CC)
contents with different for ©

misleading elements.



Objective

Recognition of images
with their style, using
novel image
representation.

 We propose “style vector”

based on activation of CNN
for this goal.

 Qutperform CNN features
for style image retrieval.
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Related Work

CNN-based image style transfer [Gatys et al.]
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Optimize generated image x iteratively.
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Related Work

Recognizing image style [S. Karayev et al, British
Machine Vision Conference 2013]

* Classifying style images using CNN activation features.
* We use same dataset and compare the performance.

Visualizing and Understanding Deep Texture
Representations[Tsung-Yu Lin et al, CVPR 2016]

* Texture recognition with Bilinear-CNN feature.



Correlation of
the activation

G! = F'(FY

Activation
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Image
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N;:the number of filters M, : the number of pixels

Gram matrix G




Style Vector

Convert G! into vector V! excluding symmetrical elements.

L _ 1,1 l l l l l
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VY| = (hurf elements) + (diagnal elements) = Ny * (N; + 1) /2
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Style Vector

Normalize V! with several ways

L2-norm I
vV
SlLZ —
V]
signed square root + L2-norm.
l S gn(Vl)\/W
Stsgnsqrt —
[sgn(VHVVY

= Vi(raw), S}, (L2Znorm), Sg;nsqrc(sgnsqrt)

Compare three normalizations in experiment



Experiment

1. Style retrieval with direct style vector
2. Style retrieval with PCA

3. Comparison with other work|[2]



Dataset

Style/Karayev* Dataset Artist Dataset

The number

The number
of Images

examples

- The Image Dataset is collected in wikiart.org.
* *the same dataset as Karayev [2]



Style retrieval with direct style vector

data

style dataset and
artist dataset

layer

convl 1, ..., conv5 1

classification method

k-nearest neighbor

normalization

raw, L2Znorm and
sgnsgrt + L2Znorm

baseline

CNN features
(fc6, fc7 of VGG-16)
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Mraw MEL2norm M sgnsqgrt+L2norm M raw L2norm M sgnsqrt+L2norm

« Convb5_1 layer and sgnsqrt+L2norm normalization was the best.



Retrieval examples

Success example

(style vector worked
better)

Common object like
humen in many arts,
with unique style

B correct

wrong



Retrieval examples

Failure example

(CNN feature worked
better)

Whole shapes are
more important
than style.

Query

Style Vector

CNN feature

B correct

wrong



Style retrieval with PCA

data

style dataset and
artist dataset

layer

convS_1

classification method

k-nearest neighbor

normalization

sgnsqrt + L2Znorm

dimension

4096, 2048, 1024

baseline

CNN features
(fc6, fc7 of VGG-16)




Style retrieval with PCA

Style dataset Artist dataset
50.00 4408 3900 3808 100.00
45.00 10.64 90.00 75.50 64.30 62.20
40.00 80.00
35.00 70.00 62-30 60.80
30.00 60.00
25.00 50.00
20.00 40.00
15.00 30.00
10.00 20.00
5.00 10.00
0.00 0.00
conv5 1 fco fc7 conv5_1 fc6 fc7
M pcalO24 MW pca2048 MW pcad09% MHraw M pcalO24 pca2048 M pcad096 M raw

« The performance was boosted by PCA dimension reduction.



Comparison with other work

data

Karayev dataset

layer

convS_ 1

classification method

SVM

normalization

sgnsqrt + L2Znorm

dimension

4096, 2048, 1024

baseline

CNN features
(fc6, fc7 of VGG-16)




Comparison with other work
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40.00

Karayev et al Vgg fcb Vgg fc7 Ours_1024  Ours_2048  Ours_4096
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30.00
20.00
Baselines Ours
Karayev etal [2] VGG16 fc6 VGG16 fc7 pcal024 pca2048 pcad096

10.00
0.00

47.30 48.11 45.35 54.94 56.26 57.00
Style vector outperformed the previous work.



Conclusions

« Style vector outperformed CNN features in style retrieval of
art images.

« The performance was boosted by introducing PCA
dimension reduction

« Style vector worked well for the images with common
objects and unique styles.



