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p Hypothesis

The directionality of the main "edges" ("traits", "strokes", "lines") in an image conveys a sense of dynamicity, "motion".

Mainly Mainly
horizontal and diagonal edges
vertical edges

Dynamic
Static image image

Alessandro Bruschetti,
A fondo

Felice Casoraiti,
Renato Gualino How can we measure, quantify, these observations ?




p Compute edges

For these pixels, high
edge intensity,

For these pixels, low
edge intensity,

Note : this is just for explanation purposes. One pixel contains only one
color of course, but you get the spirit of the idea.

For each pixel of the image, compute 2 things :

- the of the « main edge » that passes
through the pixel

- theintensity of that « main edge »

This is done for a pixel by :

- Converting the image to grayscale

- Looking at a 3x3 tile around the pixel of interest

- Applying horizontal and vertical Sobel filters on
the tile. This gives two values, Sx, Sy.

- Computing the angle and the intensity of the
gradient vector S = (Sx, Sy).

(I do a couple of other normalization/processing
steps, but these are irrelevant details for this slide)

y.



p Compute edges

For each pixel of the image, compute 2 things :

- the of the « main edge » that passes
through the pixel

- theintensity of that « main edge »

This is done for a pixel by :

- Converting the image to grayscale

- Looking at a 3x3 tile around the pixel of interest
- Applying horizontal and vertical Sobel filters on
If edge intensity is too low, | the tile. _This gives two values,_ SX, S_y.

black out the pixels. - Computing the angle and the intensity of the

Else, | color the pixels gradient vector S = (Sx, Sy).
depending on the angle

computed. Legend :

_ (I do a couple of other normalization/processing
Measured with respect 102 e | steps, but these are irrelevant details for this slide)

horizontal arrow pointingto . ane - e a0
the right ﬂ




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 only the pixels with the largest
intensities such that their combined edge intensities
amount for 50% of the sum of all the edge intensities
of the image.

This process is a visualization process only. For
further computations, 1 still use the full information, |
do not delete anything. This is just for a better
visualization.

y.



p Compute edges

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

(074




p Compute edges

If we just light up pixels
proportionnally to the edge
intensity

Very dark.
Not useful for visualization.
But useful for computations.

y.



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 indicate, at
a general level, which image
has more edge intensity
(regardless of image size).

20.4%

Circular normalized histogram

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

P



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%

42.3%




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

| 26.2%




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.

0.037 0.043 0.049 0.056 0.062 0.068 0.074 0.08 0.086 0.092 0.098 0.105 0.1 17 0.123 0.129 0.135

Calm style




Temporal evolution of an arti
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p Compare images from histograms




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.




p Compare images from histograms

111 =P
Distance i” ' ) >

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




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 _ _ . L
- Use PixPlot for an interactive visualization in a web browser

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

Or http://bit.ly/4etv4dTm



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.




Sl Mag_pp: 0.0459

R Radius: 0.0455







22.8%
Mag_pp: 0.063 B

Radius: 0.0479 TN 29.7%




Different histogram shapes for
different image resolutions

) Limitations -- Technical

Effect of image resolution

Mag_pp: 0.0178 Mag_pp: 0.0412 Mag_pp: 0.049 Mag_pp: 0.0756

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

23.9% 25.8% 24.1% 21.6%




Different histogram shapes for
different image resolutions

} LimitatiOnS - TEChnicaI Problem vanishes if images

first rescaled to common

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

3% 45.1% 45.4%
Mag_pp: 0.0489 4308 Mag_pp: 0.0481 2:1% Mag_pp: 0.0481 34% Mag_pp: 0.0444
Radius: 0.1118

Radius: 0.0988 Radius: 0.108 Radius: 0.1081

22.9% 23.4% 23.1% 21.6%




) Limitations -- Technical

Sensitivity to frames

22.1%

il Mag_pp: 0.0402

PR Radius: 0.0382

28.4%




p Limitations -- Technical

Sensitivity to frames

Idea : Zero-out computations of
X% bordermost pixels




p 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?

Is the border always rectangular?
Is it a frame at all?

X% bordermost pixels




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%

20.7%
Mag_pp: 0.0001

Radius: 0.1287

20.7%




p Limitations -- Technical

Combine histogram shape + mag_pp in retrieval?

20.2%

Mag_pp: 0.0001

Radius: 0.1065 30.3%

20.0%

Similar shape
Highly different mag_pp

20.2%
Mag_pp: 0.0581 °

Radius: 0.0612

20.9%




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.

N Mag_pp: 0.0967

Radius: 0.0074




) 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 ?




) 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 ».

Mag_pp: 0.0826

Radius: 0.0072 11.2%
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p This is a brief summary

More technical details are given in our blog post here https://ceserh.hypotheses.orq/3929

Pose extraction with MMPose.



https://ceserh.hypotheses.org/3929

p PixPlot
visualization

8,599 individual poses from
5,269 religious paintings

https://adriendeliege.z6.web.core.windows.net/outputs/WikiArt religious



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










Retrieving similar poses

1 2 3 4 5

J. W. Waterhouse, 1878
The remorse of Nero after
the murder of his mother

H. Newton, 1997 D. Velazquez, 1648
Bergstrém over Paris The Rokeby Venus

J.-A.-D. Ingres, 1851 M. H. Tajvidi, ca. 1930 J. Jordaens, 1644
Jupiter and Antiope Leda and the Swan Love of Cupid and Psyche

7 8

L. Giordano, 1697 N. Poussin, 1624
Psyche discovering the Midas washing at the
sleeping Cupid source of the river pactolus

G. B. Piranesi, ca. 1750 A. Gentileschi, 1630 P, Delvaux, 1944
Arfadne Sleeping Venus The sleeping Venus




How to deal with multiple poses?







p Combining criteria

Query 1 2 3 4
P. Delvaux, 1944
The sleeping Venus

5

L. Lotto, 1525
Venus and Cupid

D. Velazquez, 1648

C. Corot, 1860
The Rokeby Venus

J. Jordaens, 1644
Bacchante with a panther

J. Jordaens, 1648
Love of Cupid and Psyche

Bacchus and Ariadne

6 7

A Keuthinan; 1772 A-L. Girodet, 1791 R. Delorme, 1927 G. D. Tiepolo, 1757 L: Pordano. 1007
Penelope is woken by % 7 2 5 : Psyche discovering the
Eirvclos The sleep of Endymion Les Styles Mars, Venus and Cupid

s

sleeping Cupid
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Info beyond motion?

XL

fe@ep e




	Diapositive 1 On the dynamicity in images through character poses and edges detection
	Diapositive 2 On the dynamicity in images through character poses and edges detection
	Diapositive 3 Hypothesis
	Diapositive 4 Compute edges
	Diapositive 5 Compute edges
	Diapositive 6 Compute edges
	Diapositive 7 Compute edges
	Diapositive 8 Compute edges
	Diapositive 9 Compute edges and histogram
	Diapositive 10 Compute edges and histogram
	Diapositive 11 Compare images from histograms
	Diapositive 12 Compare images from Mag_pp
	Diapositive 13 Temporal evolution of an artist
	Diapositive 14
	Diapositive 15
	Diapositive 16 Compare images from histograms
	Diapositive 17 Compare images from histograms
	Diapositive 18 Compare images from histograms
	Diapositive 19 Typology of histogram shapes ?
	Diapositive 20 Typology of histogram shapes ?
	Diapositive 21 Typology of histogram shapes ?
	Diapositive 22 Try it for yourself
	Diapositive 23 Retrieving closest images
	Diapositive 24
	Diapositive 25
	Diapositive 26
	Diapositive 27 Limitations -- Technical
	Diapositive 28 Limitations -- Technical
	Diapositive 29 Limitations -- Technical
	Diapositive 30 Limitations -- Technical
	Diapositive 31 Limitations -- Technical
	Diapositive 32 Limitations -- Technical
	Diapositive 33 Limitations -- Technical
	Diapositive 34 Limitations -- Technical
	Diapositive 35 Limitations -- Interpretative
	Diapositive 36 Limitations -- Interpretative
	Diapositive 37 Conclusion
	Diapositive 38 Conclusion
	Diapositive 39 On the dynamicity in images through character poses and edges detection
	Diapositive 40 This is a brief summary
	Diapositive 41 PixPlot  visualization
	Diapositive 42
	Diapositive 43
	Diapositive 44
	Diapositive 45 Retrieving similar poses
	Diapositive 46 How to deal with multiple poses?
	Diapositive 47
	Diapositive 48 Combining criteria
	Diapositive 49 Info beyond motion?

