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Abstract
Vision is the science that informs us about the bio-

logical and evolutionary algorithms that our eyes, optic-

nerves and brains have chosen over time to see. This ar-

ticle is an attempt to solve the problem of colour to grey

conversion, by borrowing ideas from vision science. We

introduce an algorithm that measures contrast along the

opponent colour directions and use the results to combine

a three dimensional colour space into a grey. The results

indicate that the proposed algorithm competes with the

state of art algorithms.

Introduction
Questions that arise in the field of computational

colour science, camera design and image processing are

seldom introduced with a human vision narrative. It is

our mathematical and computational ability that drives

noise reduction algorithms and the choice of filters for

a multi-spectral imaging system [1]. An example of

mathematical rather than vision emphasise can be found

when studying the problem of converting colour images

to grey-scale, an operation that is implemented in all dig-

ital cameras and image manipulation software.

From a computational colour science view, we un-

derstand that colour images contain information about

the intensity, hue and saturation of the physical scenes

that they represent. From this perspective, the conver-

sion of colour images to black and white has long been

defined as: The operation that maps RGB colour triplets

to a space which represents the luminance in a colour-

independent spatial direction. As a second step, the hue

and saturation information are discarded, resulting in a

single channel which contains the luminance information.

In the colour science literature, there are, however,

many standard colour spaces that serve to separate lumi-

nance information from hue and saturation. Standard ex-

amples include: CIELab, HSV, LHS, YIQ etc. But the

luminance obtained from each of these colour spaces is

different.

Assuming the existence of a colour space that sep-

arates luminance information perfectly, we obtain a

greyscale image that preserves the luminance informa-

tion of the scene. Since this information has real physical

meaning related to the intensity of the light signals re-

flected from the various surfaces, we can redefine the task

of converting from colour to black and white as: An oper-

ation that aims at preserving the luminance of the scene.

In recent years, research in image processing has

moved away from the idea of preserving the luminance

of a single image pixel to methods that include spatial

context, thus including simultaneous contrast effects.

Including the spatial context means that we need

to generate the intensity of an image pixel based on

its neighbourhood. As an example, Bala and Eschbach

[4], introduced an algorithm to convert colour images

to greyscale while preserving colour edges. This is

achieved by transforming the RGB image to an opponent

colour space, extracting the luminance image and adding

chrominance edges that are not present in the luminance.

In this sense, the algorithm aims at preserving chromi-

nance edges. Socolinsky and Wolff [11, 12], developed a

technique for multichannel image fusion with the aim of

preserving contrast. In their work, these authors use the

Di Zenzo structure-tensor matrix [13] to represent con-

trast in a multiband image. The interesting idea added to

[13] was to suggest re-integrating the gradient produced

in Di Zenzo’s approach into a single, representative, grey

channel encapsulating the notion of contrast.

Today, there is a vast literature addressing colour to

grey conversion and image fusion with the shared focus

of preserving colour contrast and the discernibility of dif-

ferent image regions. Generally speaking, the literature

can be divided into two main classes: in the first, there

are global methods [8] [5] [2] and in the second, there are

local spatial algorithms [3] [4], [9] [10] [7] [6] [3] that

assign a grey-value to each pixel based on its difference

from neighbouring pixels.

The reflection on the problem of colour to grey con-
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version from a human vision perspective is lacking in all

the aforementioned work. In human vision, contrast is

measured along three axes: white-black, red-green, and

blue-yellow. We further know, that measuring contrast

is based on a center-surround mechanism that can, men-

tally, be visualised as two concentric circles with a radius,

which varies according to the location in the retina. In the

fovea, the central circle is as small as a single neurone and

the surround is due to a few surrounding neurones. The

size of both the centre and surround parts increases as we

move towards the periphery of the retina while the num-

ber of cones decreases, i.e. the eye varies the resolution

of the contrast measure depending on the location of the

fixation.

The aim of this article is to introduce a mathemati-

cal solution to, the problem of colour to grey conversion.

A solution that is inspired by our knowledge of human

vision and its central surround mechanism along the op-

ponent colour directions. A second part of the work is a

visual comparison with the state of art algorithms in the

field.

To represent the central surround contrast measure

algorithmically, we assume that the red, green and blue

image channels correspond to the long, medium and short

wavelength measurements in trichromatic vision. Fur-

ther, we simulate a centre-surround operation by convolv-

ing the colour channels with averaging filters of increas-

ing size. At each filter size, level, we calculate contrast in

the red-green, green-red and blue yellow directions and

use the obtained contrast value to define a per-pixel three

dimensional normalised weights vector, which is used to

combine the colour channels into a single grey-scale im-

age.

The method, presented here is multi-scale and vi-

sual comparison of the resultant images with the state of

art show that the algorithm competitive in terms of the

resultant local and global contrast.

As a final note, the method presented in this article

relies on a vision argument where the algorithm is an at-

tempt at mimicking the contrast measuring mechanism in

the eye. The result on the other, hand show that this algo-

rithm offers improved performance over algorithms that

are derived based on mathematical arguments and objec-

tives such as preserving the structure tensor of the color

image in its corresponding grey representation. As future

work, it is important to develop a mathematical argument

that leads us to the center surround algorithm.

Center surround: Measuring contrast
Let us define a color image I(x,y,c) where c is a

three dimensional vector whose elements are the inten-

sities of the red, green and blue channels. Further, we

define three channels I j(x,y,c j) and two averaging filers

Dc(x,y) and Ds(x,y) where Dc is a smaller size filter that

we associate with the average of a central region on the

retina and Ds is a larger filter whose output is thought to

represent the average of the surround. Finally, we define

the convolution operator ∗.

We can now define the red- green contrast as:

δr−g =‖ Dc ∗ I1 −Ds ∗ I2 ‖
p (1)

Similarly, the green- red contrast can be defined as:

δg−r =‖ Dc ∗ I2 −Ds ∗ I1 ‖
p (2)

where p is the norm: set to three in the results section.

Finally, the blue-yellow contrast can be defined as:

δb−y =‖ max(Dc ∗ I3 −Ds ∗
w1I1 +w2I2

w1 +w2
,0) ‖p (3)

Where w1 and w2 are linear weights that are set to unity

in the current investigation.

Using Equations 1-3, we define three normalised

weights:

α1 =
δr−g

δr−g+δg−r+δb−y
, α2 =

δg−r

δr−g+δg−r+δb−y
and α3 =

δb−y

δr−g+δg−r+δb−y
.

Given a scale, s, governed by the sizes of the aver-

aging filters, Dc(x,y) and Ds(x,y), we defined the gray-

scale image gs as:

gs(x,y) =
3

∑
j=1

I j(x,y,c j)α j (4)

By iteratively, varying the size of Dc and Ds, we can

define the grey-scale image as the sum over s of gs. Thus

for completeness, we write:

g(x,y) =
1

n

n

∑
s=1

g(x,y)s (5)

A note on blue-yellow contrast
The reader would have noticed the truncation of the

blue yellow contrast, δb−y. This was done by the author

for empirical reasons: better results were achieved by the

truncation. It is of course possible to justify the trunca-

tion based on vision science where we know that the blue

cones are no more than 5 percent and correspond mostly

to non-sharp vision. We further, know that the center sur-

round activation in the eye involves inhibition: when the

surround yellow part is on, the center is turned off. This

truncation is, however, subject to further investigation.
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Results
Two images are chosen to present the performance

of the method: an image of two parrots that has been

widely used in the colour to grey literature due to the

challenging iso-luminance colours on the feathers of the

birds 1a. In 2b, the standard luminance which is a

weighted average of the channel is shown. In 2c, the

results of the new method. In the first iteration s = 1, no

central averaging filter Dc is used while the size of Ds is

set to 25 by 25. In total, five iterations were used with the

same filters. In 2d, the results of the new method. In the

first iteration s = 1, no central averaging filter Dc is used

while the size of Ds is set to 25 by 25. In total, twenty

five iterations were used with the same filters.

The second image is a portrait of a young woman 2a.

In ??, the results obtained using the fast multi-spectral to

grey method by Alsam and Drew is shown. We notice the

hight global contrast but the lack of details on the face.

In ??, the results of the new method. In the first iteration

s = 1, no central averaging filter Dc is used while the size

of Ds is set to 25 by 25. In total, five iterations were

used with the same filters. In ??, the results of the new

method. In the first iteration s = 1, no central averaging

filter Dc is used while the size of Ds is set to 25 by 25.

In total, fifty iterations were used with the same filters.

Here, we note the increased local contrast. We also note

that the results presented here are the actual output to the

algorithms and further adjustment to the histograms can

alter the lightness.

Discussion
The image results in the previous section were calcu-

lated with a set size averaging filter and the use of the 3rd

norm difference. Experimentally, it is clearly demonstra-

ble that a family of results can be arrived at by varying the

size of the filters and the chosen norm which make this al-

gorithm an excellent tool for photographers who wish to

influence the outcome of algorithms to achieve their own

personal optimal conversion.

Further studies should seek a rigorous mathematical

motivation for the method and the exploration of linking

vision with image processing to represent grey-scale as a

dynamic continues process that changes based on where

we gaze and the locations to which we move our fixations.
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(a)

(b)

(c)

(d)
Figure 1. The figure displays the original colour image 1a, the

standard luminance image 2b, the contrast driven grey scale with

5 iterations using a surround filter of 25 by 25 and a 3 by 3 centre

filter 2c, the contrast driven grey scale with 50 iterations using a

surround filter of 25 by 25 and a 3 by 3 centre 2d

(a)

(b)

(c)

(d)
Figure 2. The figure displays the original colour image 1a, the

standard luminance image 2b, the contrast driven grey scale with

5 iterations using a surround filter of 25 by 25 and a 3 by 3 centre

filter 2c, the contrast driven grey scale with 25 iterations using a

surround filter of 25 by 25 and a 3 by 3 centre 2d108 SOCIETY FOR IMAGING SCIENCE AND TECHNOLOGY
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