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Subproblems

1. Palette extraction

2. Palette-based layer decomposition
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Decomposing Images into Layers via RGB-space Geometry [Tan et al. 2016]



Related Work

* Order-dependent translucent layers
 Richardt et al. [2014]
e Jan et al. [2015]
« Jan etal. [2016]
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Decomposing Images into Layers via RGB-space Geometry [Tan et al. 2016]



Related Work

o Order-independent additive-mixing layers D = E : W O
— 1“1
 Linetal. [2017]; Zhang et al. [2017], Aksoy et al. [2017].

Unmixing-Based Soft Color Segmentation for Image Manipulation [Aksoy et al. 2017]



Related Work

* Physically-based layers
« Abed et al. [2014]; Tan et al. [2015]; Aharoni-Mack et al. [2017]; Tan et al. [2018].
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Palette extraction
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Convex Hull In RGB-space
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Progressive Hull [Sander et al. 2000}

* (Greedily collapse edges whose new
vertex position adds the smallest
additional volume.

* New vertex position guarantees that
volume expands (linear constraint)

 We modify the a\gorlthm choose the new
vertex that minimizes the distance to
incident faces of the collapsing edge.




Convex hulls iIn RGB

* |mage colors show a convex structure in RGB [Tan et al. 2016}

| RGB-space convex hull |
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Palette Size

* QOur automatic error-bound simplification

| 5 veices |
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Four decomposition methods comparisons

RGB-space Delaunay tessellation RGB-space star tessellation

- b‘
[ B ‘_.‘_ 5 Al .
- F Ny -

¥ -c- 'Mﬁ._ .
gl 1 =
- o ‘o Taeh ~“‘,€"' -~ 4
: Wy naves W —
| -

original

permuted palette

SIybem goy

SIybM AXIOY - 994



Delaunay

butions

Color distr

Igina

Or



g S Lass T

*.’.

B

-
.

ey’
E 'u

Star

Delaunay

Istributions

Color d

Igina

Or



g S Lass T

*.’.

B

-
.

ey’
E 'u

Star

Delaunay

Istributions

Color d

Igina

Or



Two-level decomposition

image

Fixed

RGB palette W — WRGB x WRGBXY
H




Two-level decomposition

image

Palette updates Fixed

RGB palette W —_— W x W
m RGB RGBXY




Two-level decomposition

image

Palette updates Fixed

RGB palette W —_— W x W
m RGB RGBXY




Two-level decomposition

image

Palette updates Fixed

RGB palette W —_— W x W
m RGB RGBXY




Two-level decomposition

image

Palette updates Fixed

RGB palette W —_— W x W
m RGB RGBXY

Updating Wres IS Independent of Image size.



Two-level decomposition

image

Palette updates Fixed

RGB palette W —_— W x W
m RGB RGBXY

Updating Wres IS Independent of Image size.
Other methods need to re-compute everything from scratch.
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Python Implementation

«— 148 |lines of code

from numpy import *
from scipy.spatial import ConvexHull, Delaunay
from scipy.sparse import coo_matrix

def

def

def

RGBXY_weights( RGB_palette, RGBXY_data ):

RGBXY_hull_vertices = RGBXY_data[ ConvexHull( RGBXY_data ).vertices ]

W_RGBXY = Delaunay_coordinates( RGBXY_hull_vertices, RGBXY_data )

# Optional: Project outside RGBXY_hull_vertices[:,:3] onto RGB_palette convex hull.
W_RGB = Star_coordinates( RGB_palette, RGBXY_hull_vertices[:,:3] )

return W_RGBXY.dot( W_RGB )

Star_coordinates( vertices, data ):
## Find the star vertex
star = argmin( linalg.norm( vertices, axis=1l ) )
## Make a mesh for the palette
hull = ConvexHull( vertices )
## Star tessellate the faces of the convex hull
simplices = [ [star] + list(face) for face in hull.simplices if star not in face ]
barycoords = -1*ones( ( data.shape[0], len(vertices) ) )
## Barycentric coordinates for the data in each simplex
for s in simplices:
s@ = vertices[s[:1]]
b = linalg.solve( (vertices[s[1:]]-s0).T, (data-s@).T ).T
b = append( 1-b.sumCaxis=1)[:,None], b, axis=1 )
## Update barycoords whenever the data is inside the current simplex.
mask = (b>=0).all(axis=1)
barycoords[mask] = 0.
barycoords[ix_(mask,s)] = b[mask]
return barycoords

Delaunay_coordinates( vertices, data ): # Adapted from Gareth Rees

# Compute Delaunay tessellation.

tri = Delaunay( vertices )

# Find the tetrahedron containing each target (or -1 if not found).

simplices = tri.find_simplex(data, tol=le-6)

assert (simplices != -1).all() # data contains outside vertices.

# Affine transformation for simplex containing each datum.

X = tri.transform[simplices, :data.shape[1]]

# Offset of each datum from the origin of 1its simplex.

Y = data - tri.transform[simplices, data.shape[1]]

# Compute the barycentric coordinates of each datum in its simplex.

b =eitnsumC "...jk,...k->...7", X, Y )

barycoords = c_[b,1-b.sumCaxis=1)]

# Return the weights as a sparse matrix.

rOWS repeat(arange(len(data)).reshape((-1,1)), len(tri.simplices[@]), 1).ravel()
cols = tri.simplices[simplices].ravel()

vals = barycoords.ravel()

return coo_matrix( (vals,(rows,cols)), shape=(len(data),len(vertices)) ).tocsr()
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Demo
Javascript + Python with PyOpenCL



Layer creation from scratch
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Layer creation from an automatic palette
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Recoloring

Javascript



Choose Filer

Image recoloring using automatic palette.
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Choose File g

Image recoloring using modified palette by user.



Choose File g

Image recoloring using modified palette by user.



Using automatic palette Original Using modified palette



onclusion

o An extremely efticient approach to layer decomposition via RGBXY
geometry




Conclusion

o Our two-level decomposition supports real-time decomposition when
palette editing.

Palette updates Fixed

W = Wgree * WRGBXY



Conclusion

e |t's important to capture the “line of greys”.

Star tessellation



Limitations

* |n isolated cases, the 5D convex hull takes somewhat longer than usual to
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Limitations

* Qur star tessellation assumes that palette colors are vertices of a convex
polyhedron.

* For palette colors in the interior, must use inferior Delaunay tessellation.

Delaunay tessellation



Future Work

 More speed via super-pixels or parallel convex hull algorithms.
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