
Classifying 
Art Styles!

DATASCI 281



What did we classify?
Link Here: https://www.kaggle.com/datasets/steubk/wikiart?resource=download&select=classes.csv

Dataset: 80k unique images, ranging across 27 different art genres (Cubism, Impressionism, Pop Art, etc)

Areas of interest: We hope to explore what visual information actually drives art-style classification and if 
we can potentially find it through only looking at an images' edges/lines/structure or color and texture 
alone. 

Goal: Accurately label within correct art genre

https://www.kaggle.com/datasets/steubk/wikiart?resource=download&select=classes.csv


EDA

The initial Kaggle dataset was incredibly large, we first needed to make the dataset smaller. To ensure 
interpretability and computational efficiency of our investigation, we plan to restrict the dataset down to six art 
genres. Our data filtering process consisted of the following considerations: 

● Computation Efficiency: We remove genres with fewer than 1k images as small sample sizes can 
introduce instability/noise. By focusing on balanced and sufficiently large classes, we can train faster and 
produce consistent results. 



EDA (Cont)
Evaluation and Interpretability: Our goal generally is to understand whether classical structure, edges, color, or texture, 
drives stylistic differences across genres. We choose to limit the number of genres to those that on average express a higher 
magnitude to those categories.
Selected Genres: Ukiyo-e and Early Renaissance. Pop Art and Baroque.  Rococo and Mannerism Late Renaissance. 



Feature Extraction (Edges/ Edge Direction) 

Bins 0-4 representative of leftward 
horizontal edges
Bin 5, representative of vertical
Bin 6-9 representative of rightward 
horizontal edges

We add 11 unique distinct edge 
features 



Feature Extraction (Edges density ) - cont. 



Histogram of Gradients (HOG)

Given our configuration of:
● 256x256 standardized images;
● 16x16 pixels per cell;
● 2x2 cells per block; and 
● 9 orientation bins, 

—
● Each image is divided into 16x16 grids of spatial cells. Because 

each block spans 2 cells and slides across the grid one cell at a 
time, there are 15 possible block positions along each 
dimension, yielding 15x15 = 225 total blocks.

● Each block contains four cells and each cell contributes a 9-bin 
orientation histogram, resulting in 36 features per block. 

● Across 225 blocks and 36 features per block we produce 
8,100 features per image.



Feature Extraction (color features - lab)



Feature Extraction (color features - lab) - cont



Feature Extraction (lbp) 



Resnet-50

● To complement our classical feature set, we leveraged Resnet-50 as our pre-trained neural network 
model. 

● ResNet-50 consists of 50 layers organized into stacked residual blocks, each containing convolutional 
layers that learn increasingly abstract visual representations. ResNet50 has demonstrated great 
performance on various image classification benchmarks, making it an excellent choice to complement 
our classical feature set. 

● Each image is passed through the network with the final classification layer removed, resulting in a 
2,048-dimensional embedding vector.

Combined set roughly sized up to 10,191 features with resnet + feature extraction



 PCA
● Training set is shaped: 7686, 10191

○ Each painting in the data set has 10191 
dimensional vector of hand-crafted + resnet 
features.    This means each painting is 
essentially represented by a 10k~ dim 
vector  

○ This is extremely high dimensional space, 
requiring each training step update over 
10k coefficients; each gradient update 
involves a dot product in 10k-dimensional 
space. 

○ Convergence slower b/c multicollinearity + 
curse of dimensionality.     

○ We found 1217 number of components that 
capture 90% of the variance within the 
feature set. This is 10x compression in the 
feature space. We can use these vectors 
on our classifying set, which reduces 
issues mentioned above.



Manual PCA
Manually Computed PCA ->

1.) Centered Data 
2.) Cov Matrix Calc
3.) Found eigenvalue/vector decomposition
4.) leveraged top 2 components
5.) projected down to 2 dimensions for 
visualization purposes

Note: PCA provides a linear embedding of the 
data, which is useful for global variance 
structure, but cannot capture non-linear 
structure. Next we leverage t-SNE, which 
preserves local + global nonlinear relationships 
within the data. 



t-SNE
● t-SNE map local neighborhoods from high 

dimensional space to low dimensional space. 
● resnet and classical     

○ Certain labels have consistent patterns 
across our 10k dimensional feature space, 
which t-SNE is able to preserve over 2-D 
space  

○ Far away clusters leverage different feature 
vectors and push apart into different 
neighborhoods     

○ We see some very heavy overlap with the 
feature set, this suggests that it is actually 
quiet difficult to distinguish certain labels with 
our features. 

● When we break apart resnet and classical we can 
see classical features have many messy/overlapping 
labels with no strong separation.

● Seems like resnet features dominate combined space



 Hand Features 
             Vs 

Complex Feature



Confusion Matrix - 
log

● Baroque and rococo exhibit high degree of overlap
○ t-SNE seem to support this



ROC - log regression 

● Inter-genre classification doesn’t seem materially worse when comparing between compressed model and full model
● Aggregated AUC is .93 for  the full model vs .9 for the compressed model 



ROC Comparison: LogReg & CNN Across Full and PCA Features

● Full vs. PCA models show very similar ROC behavior.
● Overall AUC stays strong: 0.93 full vs. 0.90 PCA.
● Compression keeps ranking quality high across genres.



Efficiency Tradeoff - PCA vs Full 

Computational Impact (CNN Classifier): 
Full model is heavy to train (~80M ops).

- Training data: 7866 x 10191= 80M~ ops
PCA cuts features sharply (~9.5M ops).

- Trimmed down training: 7866 x 1217 = 9.5M ops
About 6× faster with only a small accuracy drop.

- 8.3x~ times more space efficient and ~6x more time efficient, sacrificing about 1%~ in accuracy overall



Efficiency Tradeoff - log regression
Log Regression

Computational Impact (log regression): 
- Training data: 7866 x 10191=80M~ ops
- Trimmed down training: 7866 x 1217 =9.5M ops
- 8.3x~ times more efficient, sacrificing about 7%~ in accuracy overall



Efficiency Tradeoff - CNN Classifier
Log Regression

Computational Impact (CNN Classifier): 
Full model is heavy to train (~80M ops).

- Training data: 7866 x 10191= 80M~ ops
PCA cuts features sharply (~9.5M ops).

- Trimmed down training: 7866 x 1217 = 9.5M ops
About 6× faster with only a small accuracy drop.

- 8.3x~ times more space efficient and ~6x more time efficient, sacrificing about 1%~ in accuracy overall



Extra


