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What 1s Colour
Transfer?

Changes the appearance of'a targijet' ,

| |mage/vrdeo accordrng to the colour pattern :

Of a SOUFCG |mage

Apprlrcatrons‘ include enhan'c,ing photos,

movie post—produCtion artistic de’s‘ign

.haIIucrnatrng a new |mage of an exrstlng

scene at a drfferent trme of the day
The goal of a colour transfer algorrthm '

should be to keep the scene of the target

- image and accurate.ly apply all the:domlnant

colour styles of the source.



Problem Statement

° Often in photographs of soenerres sk|es form an |mportant part of the aesthetlo and yet are less
' |nterest|ng due to the'time of photographlng To get the best shot professmnal photographers
have to use sophlstrcated tools wrth pa|nstak|ng efforts to get effects that normaI users can't. -

achieve. - e : el

° In the g|ven paper, an automatrc background replacement algorithm is proposed that can’

- generate realistic, artifact-free i images with a diverse styles of skies. The algorithm exploits the
idea that common objects across images erI have similar ooIour based propertres -

e Given an input image, a set of possible skies are proposed for sky replacement based on higher

number of matching labels found in the database The output image consists of a sky chosen

from the retrieved options and foreground objects in the modified colour space after applylng an
appearance transfer method, developed to match statistics locally and semantically.



Pipeline

Sky Semantic Sky
Segmentation Search Replacement

Input Image

Results



Sky segmentation

Input Image — FuIIy Convolutronal Neural network — Prxel wrse probablllty map of |mages—> LabeIIed image

To refine th|s IabeIIed output the paper proposes a graph cut based energy
m|n|m|zat|on e

. U_->color potential
+ A4 Z V L Ti,Tj), U,->texture potential
for the sky and non-sky label costs (obtained
from the learned online classifier)
U, -> FCN output
V -> the pairwise potential for smoothness

(i,5)€&

(a) Input 1mage (b) FCN result (c) Fine segmentation (d) Input image (e) FCN result (f) Fine segmentation



~ SkySearch &Retrieval -

o Descriptor computation : _ _ _
FCN output of Image — Spatially pooling method, 9 grids of image [/ St SANRLe f_r-if
N _

Global histogram of image

m Ladi=1

o Pairwise distance calculation and retrieve top 4 closest skies.
o Another constraint on the retrieval is the aspect ratio and resolution of the pair, reference and input,
to ensure that the two images are similar in terms of areas of sky.




Sky replacement

maximum rectangle enclosed in the reference sky region .
: (resi.ze.d) l
the Iargest rectangular convex huII encIosrng the sky regron in the |nput |mage (A)

The sky prxels in the |nput |mage are glven values from e e colour transfer

Reference



Semantic aware transfer

e Compute Iumlnance dlfference in sky and use thls for regularlsatlon of
. luminance across labels of input and reference srmultaneously : ,
e For chrominance transfer, map the Gaussian statlstlcs of Reference Image S
-chromrnance to Input Image S chromrnance across Iabels |

Special case:

If no label found in reference image, for a label input image, deviating from the paper, we resort to
finding the regions neighbouring the label in Input image and try and see if this exists in reference too.
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Limitations
of the given
approach
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e Does not change the colour for

reflected surface absence of \

| strong Irght source

It is less effectlve for |mages
with strong dlrectlonal Ilghtrng ,

- or high-level cues like shadow

directions and reflections. -



. Challenges' ‘

FCN output gave 95% accuracies, so there were some-.
cases where the Iabellngs were mismatched. o e
labeling a sky reflection on the sea as sky This error -

‘poses a problem in both sky replacement aswellas
colour transfer. o




Challenges

omputlng the descrlptors and FCN

‘response map for 414 i |mages Was ’
‘ computatlonally heavy

The dataset used by the paper is not
diverse enough to correctly support
the retneval of |mages ,

This kind of color transfer is Iess

effective for images with strong

~directional lighting or high-level cues

like shadow directions and reflections.



Understand and modlfy ol i Perform colour transfer .
theFCNandforma | of matched Iabels '
relevant responsemap_-,' : 35

| Getting asetof

proposed skies

¢ according to the
response map

Perform reallstlc '
- compostlng on
unmatched labels



Work dlstrlbutlon \

'Understand and modlfy the FCN- -  i ""P'érfdri'ﬁ 'colo.L:|r transfer of
and compute normallzed Ne ‘matched labels on the output
response maps = . .oftheFCN (Whlle that is -
‘Compute descrlptors for aII - . " being worked on’;

images s L R E | http://dags. stanford edu/proJ
Retrieve a set of proposed skles R ects /scenedataset htmI )
according to the response map e & _

and descriptors B " Perform realistic cOmposting
Replace skies by manlpulatlng on unmatched labels

sky areas and compositing


http://dags.stanford.edu/projects/scenedataset.html
http://dags.stanford.edu/projects/scenedataset.html
http://dags.stanford.edu/projects/scenedataset.html

Thank you!



