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p Warm up

How to visualize and quantify the dynamicity of these paintings?




p Warm up

How to visualize and quantify the dynamicity of these paintings?

« Dynamic » ? « Dynamic » ? « Static » ? « Static » ? « Dynamic » ?

We can « feel » and « see » some differences. What about computing them?




p Hypothesis

Directions of the main « edges » conveys a sense of dynamicity

Mainly
horizontal
and vertical
edges

Static image

Felice Casorati,
Renato Gualino How can we visualize and quantify, these observations ?

Alessandro Bruschetti,
A fondo

Mainly
diagonal
edges

Dynamic
image

Debatable, yes. But still, that’s one way to proceed.




p Compute edges

_ ) What we do
For these pixels, high
edge intensity, For each pixel of the image, compute:
- the of the « main edge » that goes through

- the intensity of that « main edge »

1. Preprocessing
a. Image rescaling to common dimension
b. Conversion to grayscale
c. Pixel values rescaling
2. Compute edges
For these pixels, low a. Use Sobel filters
edge intensity, b. Get gradient magnitude and direction
3. Postprocessing

Note : this is just for explanation purposes. One pixel contains only one a. Renormalize magnitUde
color of course, but you get the spirit of the idea. b Get edge intensity and (direction) |




p Compute edges

What we do
For each pixel of the image, compute:
- the of the « main edge » that goes through

- the intensity of that « main edge »

Visualization

- Color each pixel depending on the angle, and
scale down luminance by the intensity computed.

Color code :
angle - color
radius = intensity

Edge direction : vertical. Associated color : green
salient edge : vivid green.




p Compute edges

What we do

For each pixel of the image, compute:
- the of the « main edge » that goes through
- the intensity of that « main edge »

Visualization

- Color each pixel depending on the angle, and
scale down luminance by the intensity computed.

Color code :
angle - color
radius = intensity

Edge direction : vertical. Associated color : green
Top : salient edge : vivid green.
Bottom : softer edge : darker green




p Compute edges

Color code

90°

-90°

By symmetry, only directions between

-90° and 90° are considered.




Color code

Intensities are usually low:
- OK to compute statistics
- Not OK for visualization

For visualization only, let’s
light up pixels with
sufficiently high intensity
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p Compute edges

What does « too low » mean, for an edge intensity?

In this case, | proceeded as follows:

- Each pixel of the image has an edge intensity

- Let’s say that the sum of all these intensities is T

- | order the list of computed edge intensities

- | black out the pixels with the smallest intensities,
until the sum of their intensities reaches 50% of T.

Thus, | keep pixels with the largest
intensities such that they amount for
50% of the sum of all the edge
intensities of the image.

This process is a visualization process only. For
further computations, | still use the full information, |

do not delete anything. This is just for a better

visualization.






p Compute edges and histogram

Let’'s aggregate the intensities, binned by directions.

47.6%

Mag_pp: 0.0216 In this case, mostly
vertical edges, and a bit of

horizontal edges.

Radius: 0.1286

« Mag_pp »:
magnitude/intensity per
pixel. Large values indicate
that many pixels have a
large edge intensity.
Comparing this value for
different images indicates, at
a general level, which image

has more edge intensity

20.4%

Circular normalized histogram (regardless of image size).

Normalized : total area (taking radius into account for scale) equals 1.



p Compute edges and histogram

Another example.
In this case, the directionality is much more diagonal (ascending).

Mag_pp is also larger, indicating on general more edge intensities per pixel.

15.2%

Mag_pp: 0.0313

Radius: 0.065 28.3%




p Compare images from histograms

Another example (Jackson Pollock).

In this case, the directionality is much more chaotic, there is no dominant direction, the distribution is
almost uniform (as also indicated by the percentages in the four quadrants, all close to 25%).

Mag_pp is also much much larger, indicating on general a lot of edge intensities per pixel.

26.2%

Mag_pp: 0.1366

Radius: 0.0303




Compare images from Mag_pp

Futurist images generally have a higher average intensity per pixel than calm images.
Which makes sense, but it's good to see it confirmed here.

0.019 0.025 0.031 0.037 0.043 0.049 0.056 0.062 0.068 0.074 0.08 0.086 0.092 0.098 0.105 0.111 0.117 0.123 0.129 0.135

Calm style



Temporal evolution of an artist

1902 1903 1904 1905 1906 1907 1908 1909 1910 1911 1912 1913 1914 1915 1916 1917 1918 1919 1920 1921 1922 1923 1924 1925 1926 1927 1928 1929 1930 1931 1932 1933 1934 1935 1936 1937 1938 1939 1940 1941 1942 1943 1944
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1898 1899 1900 1901 1902 1903 1904 1905 1906 1907 1908 1909 1910 1911 1912 1913 1914 1915 1916 1917 1918 1919 1920 1921 1922 1923 1924 1925 1926 1927 1928 1929 1930 1931 1932 1933 1934 1935 1936 1937 1938 1939 1940 1941 1942 1943 1944
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Kandinsky artworks
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p Compare images from histograms

48.8% 52.4%

Mag_pp: 0.0252

Mag_pp: 0.0188

Radius: 0.0036 Radius: 0.0032 13.0%

19.3% 15.7%

Mag_pp: 0.13 Hag_pp: 0.036

Radius: 0.0073 Radius: 0.0023




p Compare images from histograms

Let’s imagine the yellow and purple lines represent the circular histogram of two different images

The distance
between the two
images will be the
distance between
their histograms,
which corresponds
to the shaded
area.




) Compare images from hlstograms

] | B

Distance

0 0.14 0.71 0.62
0.14 0 0.78 0.69
0.71 0.78 0 0.15

0.62 0.69 0.15 0




p Typology of histogram shapes ?

Take a database (set of images) : 1046 images (WikiArt)
« Abstractists » : Klee, Kandinsky, Rothko, Malevich, Mondrian, Pollock
Compute all histograms
Compute distances between them
Cluster those that are « close » to each other, projected in a 2D plane. (UMAP)

Analyze the visualization ) _ _ _ o
- Use PixPlot for an interactive visualization in a web browser

https://adriendeliege.z6.web.core.windows.net/outputs/abstractists1/index.html

(or http://bit.ly/4etv4Tm)



https://adriendeliege.z6.web.core.windows.net/outputs/abstractists1/index.html
http://bit.ly/4etv4Tm
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p Try it for yourself

https://adriendeliege.z6.web.core.windows.net/outputs/abstractists1/index.html

Or http://bit.ly/4etv4Tm



https://adriendeliege.z6.web.core.windows.net/outputs/abstractists1/index.html
http://bit.ly/4etv4Tm

p Retrieving closest images

PixPlot is a visualization tool.
There is a dimensionality reduction.
This means there is a loss of information.

To compute « closest images », proceed in the original histogram space.




Mag_pp: 00538 - A P . V.37 e Mag_pp: 0.0459

Radius: 0.0685,~ \208% ’ s Al S Radius: 0.0455




Mag_pp: 0.0781

Radius: 0.0
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Mag_pp: 0.063

Radius: 0.0479,




Different histogram shapes for
different image resolutions

» Limitations -- Technical

Effect of image resolution

o 9
35.3% Mag_pp: 0.0412 40.5%

48.2%

Mag_pp: 0.0178 Mag_pp: 0.049 Mag_pp: 0.0756

Radius: 0.0638 Radius: 0.0874 Radius: 0.1026 15.4% Radius: 0.1147 14.3%

23.9% 25.8% 24.1% 21.6%




Different histogram shapes for
different image resolutions

p Limitations -- Technical ...

first rescaled to common

Effect of image resolution dimensions before the analysis
- But do we lose some info?

47.4%

) 0 )
Mag_pp: 0.0489 43.3% Mag_pp: 0.0481 45.1% Mag_pp: 0.0481 43.4% Mag_pp: 0.0444

Radius: 0.0988 Radius: 0.108 15.1% Radius: 0.1081 15.0% Radius: 0.1118 14.7%

22.9% 23.4% 23.1% 21.6%




» Limitations -- Technical

Sensitivity to frames

22.1%
& Mag_pp: 0.0402 °

Radius: 0.0382 29.2%

28.4%




p Limitations -- Technical

Sensitivity to frames

Idea : Zero-out computations of
x% bordermost pixels
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» Limitations -- Technical

Sensitivity to frames But... is the frame part of the artwork?

Is this x% constant?
Idea : Zero-out computations of Is there a shadow/artefact due to the frame?
x% bordermost pixels Is the border always rectangular?

Is it a frame at all?




p Limitations -- Technical

Conversion to grayscale : information loss
Compression artefact : patterns appear




Or use a better technique?
Anyway, generally, what is

} Limitations _ Technical the « correct » result?

Conversion to grayscale : information loss Use some Gaussian Blur? But might blur real
Compression artefact : patterns appear strokes and subtelties of the artists barely
visible in digitized images?

20.2%

Mag_pp: 0.0001

Radius: 0.1065 30.3%

20.0%

9
Mag_pp: 0.0001 20.7%

Radius: 0.1287

20.7%




» Limitations -- Technical

Combine histogram shape + mag_pp in retrieval?

Similar shape
Highly different mag_pp




p Limitations -- Interpretative

The direction of edges may not reflect the direction of a movement. For example, on
the image below, the main direction (from the edges) is horizontal, while the
movement of the eagle is vertical. Plus, it's funny because the best Als just tell me
that they see « a group of eagles flying » (but that’s another topic).

16.6%

Mag_pp: 0.0325

Radius: 0.0029 20.3%




p Limitations -- Interpretative

In this image, we can « feel » the ascending motion of the woman in her bubble, but
there is no way we can compute it from the edges, which shows mostly horizontal
and vertical directions, as for most everyday-life images. These edges are not

triggered by the movement itself.

32.4%

il Mag_pp: 0.0967

Radius: 0.0074 14.5%
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p Conclusion

Beyond the tool and the qualitative validation... the discovery of new results ?

- Shifts for many artists?

- Artists comparisons?

- Style differences?

- Who started a new trend and when?

Other needs from the Digital Humanities community ?




p Conclusion

This is an interesting research direction, let's see where it goes, but | can imagine
that it could become a useful tool for the Digital Humanities community.

Let’'s wrap up with this beautiful DALL<E 3 image, simply prompted « Motion ».

fl Mag_pp: 0.0826

Radius: 0.0072 11.2%




