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Abstract. In this paper, we propose a novel digital image color conver-
sion algorithm for color blindness using a multilayer neural network. The
symptoms of “color blindness” are due to an innate lack or deficit of cone
cells that recognize colors, and people with color blindness have difficulty
discriminating combinations of specific colors. Those people require color
conversion for the presented image such that the image can be a percepti-
ble color representation. In the proposed method, we design a multilayer
neural network composed of three building blocks: layers for image color
conversion, layers for perceptual model of color blindness, and layers for
color discrimination. In proposed framework, a neural network is learning
about a relationship of an image data and a discrimination performance
of colors in an image, and a color conversion rule is trained as a part of
a neural network. To validate the effectiveness of proposed method, it is
applied to several images that have various color combinations.
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1 Introduction

Human eyes perceive colors via a group of cells known as cone cells. The three
types of cone cells are L, M, and S, which react to red, green, and blue, respec-
tively. The magnitudes of these reactions determine the color that is perceived.
When all three types of cone cells are present, this state is referred to as trichro-
matic. If there is a decrease or complete deficiency in either the L or M cone
cells, these conditions are known as protanopia and deuteranopia, respectively.
A deficiency of S cone cells is known as tritanopia by only 5 % and 0.2 % of
Japanese males and females have this condition, respectively.

Expressing information using colors has important roles in modern society.
For example, newspapers, books, and cell phones all use colors to express infor-
mation. Some information represented by colors gives users directions, such as
route maps and road signs. From a Color Universal Design perspective, these
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(a) (b)

Fig. 1. Example of visibility with respect to vision type. (a) general color vision,
(b) protanopia color vision.

maps and roads signs are designed to be easily understood. Cases where colors
are used to make information easy to understand have increased over the last
few decades. Many methods have also been developed, such as using shapes and
color names with colors, or using colors that are easily distinguishable.

However, some route maps and road signs are still not understandable by
people with color blindness. For example, train route maps are discretized by
color to avoid confusing complex routes. People with color blindness cannot
distinguish the different routes, which make the maps difficult to use (Fig. 1).

People with color blindness cannot differentiate between a specific set of
colors. Colors that are hard to discretize by people with colorblindness are known
as indiscriminable colors. Recently, to help people with colorblindness, some
technologies have been developed that alters the colors in images so the contrast
of indiscriminable colors is improved. K. Rasche et al. [1,2], J. B. Huang et al. [3]
and G. Tanaka et al. [4] treat the color conversion as the optimization problem
relates to the combination of colors in the image, and convert the color by solving
the problem. While the legibility of colors in the resultant image is enhanced by
these methods, the problem that undermines the impression of color to have of
the original image is a color that was significantly different from the original
color could occur.

M. Ichikawa et al. [5,6] and M. Meguro et al. [7] proposed the color conver-
sion methods based on color clustering. In these methods, the color conversion
rule is determined based on a relationship of centroids of color obtained by clus-
tering. However, there are the some procedures to be performed by the hand of
man, and the processes of these algorithms are complicated when many colors are
in an image.
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In this paper, we propose a novel digital image color conversion algorithm
for color blindness employing a multilayer neural network. We focused that a
discrimination performance of colors in an image is depend on a color difference of
the colors on the boundary of regions. In proposed framework, a neural network is
learning about a relationship of an image data and a discrimination performance
of colors in an image, and a color conversion rule is trained as a part of a neural
network. By perceptual model of color blindness is also embed for the layers
of the neural network, a color conversion rule for keeping a color differences in
images in presence of lack of a color information could be obtained.

2 Proposed Method

In the proposed method, we design a multilayer neural network composed of
three building blocks: layers for image color conversion, layers for perceptual
model of color blindness, and layers for color discrimination as shown in Fig. 2.
In learning, the neural network train a relationship of pixel values, i.e. color map,
and a discrimination performance of colors, i.e. color edge map, in an image. The
2nd block and the 3rd block are predesigned based on perceptual model of color
blindness and color discrimination, and these models are fixed while the neural
network is learning overall. Therefore, a color conversion rule for keeping a color
differences in images in presence of lack of color information can be obtained as
the 1st block of the trained neural network.

The overview of neural networks and color model for colorblindness are
described in Sects. 2.1 and 2.2. The detail of the neural network model for color
blindness and color edge is described in Sect. 2.3. The entire algorithm of pro-
posed method is described in Sect. 2.4.

2.1 Neural Networks

Neural network models are essentially simple mathematical models defining a
function g : X → Y . In a neural network, the j-th neuron in a layer calculates
and output a value yj as follows:

yj = f(Σixi · wij + bj). (1)

Here, xi is a i-th input value for a layer. wij is a weighted value of the j-th
neuron for a i-th input value. bj is a bias value of the j-th neuron. f(·) is a
transfer function of the j-th neuron. Therefore, when a number of neurons of a
layer is M , an output vector y = [y1, y2, . . . , yM ]T of this layer with respect to
an input vector x = [x1, x2, . . . , xN ]T can be obtained as follows:

y = f

⎛
⎜⎜⎜⎝

⎡
⎢⎢⎢⎣

w11 w12 · · · w1N

w21 w22 · · · w2N

...
...

. . .
...

wM1 wM2 · · · wMN

⎤
⎥⎥⎥⎦

⎡
⎢⎢⎢⎣

x1

x2

...
xN

⎤
⎥⎥⎥⎦ +

⎡
⎢⎢⎢⎣

b1
b2
...

bM

⎤
⎥⎥⎥⎦

⎞
⎟⎟⎟⎠ (2)

= f (Wx + b) . (3)

Figure 3 shows this process schematically.
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Fig. 2. Overview of our multilayer neural network framework. The neural network com-
posed of three building blocks: layers for image color conversion, layers for perceptual
model of color blindness, and layers for color discrimination.

As mentioned above, a relationship of an input vector and an output vector
in a layer is defined by weighted value matrix W , bias vector b, and trans-
fer function f(·). In multilayer neural network, neurons in each layer calculate
output vector based on previous layer output and send the vector as next layer
input. Therefore, an input vector of multilayer neural network is mapped a num-
ber of times from input layer to output layer. The training of neural network is
supervised generally, training data set, i.e. many pairs of an input vector and its
desirable output vector of neural network. The weighted value matrix W and
bias vector b of each layer are updated based on error of output vector. This
called backpropagation algorithm. To use backpropagation algorithm, transfer
functions of each layer must be differentiable. Figure 4 shows popular transfer
functions for neural networks.

2.2 Color Model for Colorblindness

To simulate the vision of colorblindness for an input image, we convert color
space of the input image. The CIE XYZ color space is defined by quantitative
relationship between physical pure colors, i.e. wavelengths, in the electromag-
netic visible spectrum, and physiological perceived colors in human color vision.
The simulated image for colorblindness can be obtained using,“RGB to XYZ”
and “XYZ to RGB”.

For efficient color conversion, our proposed method linearly converts the RGB
values to the XYZ color system. The conversion from RGB to XYZ is calculated
using the following equation.
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Fig. 3. Relationship of an input vec-
tor and an output vector in a layer on
neural network.

(a) (b)

Fig. 4. Examples of a transfer function.
(a) sigmoid function, (b) pure linear
function.

⎡
⎣

X
Y
Z

⎤
⎦ =

⎡
⎣

0.4124 0.3756 0.1805
0.2126 0.7152 0.0722
0.0193 0.1192 0.9505

⎤
⎦

⎡
⎣

R
G
B

⎤
⎦ = ARGB2XY Z

⎡
⎣

R
G
B

⎤
⎦ (4)

Then, the conversion from XYZ to RGB is calculated using the following equa-
tion.

⎡
⎣

R
G
B

⎤
⎦ =

⎡
⎣

0.4124 0.3756 0.1805
0.2126 0.7152 0.0722
0.0193 0.1192 0.9505

⎤
⎦

−1 ⎡
⎣

X
Y
Z

⎤
⎦ = AXY Z2RGB

⎡
⎣

X
Y
Z

⎤
⎦ (5)

Human perceive color by the ratio of the reaction value of each L, M, S cone
to light. In other words, it is possible to simulate the color model of color vision
defective by adjusting the reaction value of LMS cone. Relationship between
XYZ and spectral sensitivity value of LMS cone is given as follows [8]:

⎡
⎣

L
M
S

⎤
⎦ =

⎡
⎣

0.1551 0.5431 −0.03286
−0.1551 0.4568 0.03286

0.0 0.0 0.01608

⎤
⎦

⎡
⎣

X
Y
Z

⎤
⎦ (6)

In LMS cone, the response of the P-type color vision (Lp,Mp, Sp), i.e. protanopia,
and the D-type color vision (LD,MD, SD), i.e. deuteranopia, are calculated as
follows [9,10]:

⎡
⎣

Lp

Mp

Sp

⎤
⎦ =

⎡
⎣

0.0 2.02 −2.52
0.0 1.0 0.0
0.0 0.0 1.0

⎤
⎦

⎡
⎣

L
M
S

⎤
⎦ (7)

⎡
⎣

Ld

Md

Sd

⎤
⎦ =

⎡
⎣

1.0 0.0 0.0
0.49 0.0 1.25
0.0 0.0 1.0

⎤
⎦

⎡
⎣

L
M
S

⎤
⎦ (8)
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(a) (b) (c)

Fig. 5. Example of a simulation image of color vision for colorblindness. (a) an image,
(b) simulated protanopia color vision of (a), (c) simulated deuteranopia color vision
of (a).

The legibility of an image for the P-type color vision or the D-type color vision
can be estimated using these equations. From the Eqs. 6 and 7, XYZ value of
P-type color vision (Xp, Yp, Zp)T is obtained as following equation:

⎡
⎣

Xp

Yp

Zp

⎤
⎦ =

⎡
⎣

−0.3813 1.1228 0.1730
−0.4691 1.3813 0.0587

0.0 0.0 1.0

⎤
⎦

⎡
⎣

X
Y
Z

⎤
⎦ = AXY Z2XY Zp

⎡
⎣

X
Y
Z

⎤
⎦ (9)

Then, XYZ value of D-type color vision (Xd, Yd, Zd)T is obtained as follows:
⎡
⎣

Xd

Yd

Zd

⎤
⎦ =

⎡
⎣

0.1884 0.6597 0.1016
0.2318 0.8116 −0.0290

0.0 0.0 1.0

⎤
⎦

⎡
⎣

X
Y
Z

⎤
⎦ = AXY Z2XY Zd

⎡
⎣

X
Y
Z

⎤
⎦ (10)

Therefore, RGB value of P-type color vision (Rp, Gp, Bp)T can be calculated
from RGB value (R,G,B) as follows:

⎡
⎣

Rp

Gp

Bp

⎤
⎦ = AXY Z2RGBAXY Z2XY ZpARGB2XY Z

⎡
⎣

R
G
B

⎤
⎦ (11)

Using color conversion matrix as mentioned above, we can simulate P-type or
D-type color vision of a image. Figure 5 shows a example of a simulation image
of color vision for colorblindness using this color model.

2.3 Neural Network Model for Simulating Colorblindness
and Extraction of Color Edge

As mentioned in Sect. 2.1, input-output relationship of a layer of a neural network
can be described as a matrix operation. At the same time, a color simulation of
colorblindness can be also described as a matrix operation as mentioned Sect. 2.2.
Therefore, we can define a neural network model for simulating colorblindness
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Fig. 6. A neural network model for simu-
lating colorblindness. Here, the weighted
value matrix W and bias vector b of this
model is defined as Eq. (13), and trans-
fer function f(·) is pure linear function
(Fig. 4(b)).

(a) (b)

Fig. 7. An input image and an out-
put image of this two-layered neural
network (Eqs. (15) and (16)). (a) input
image, (b) output image.

by using the color conversion matrix as the weighted value matrix of a layer of
a neural network.

Figure 6 shows a neural network model of simulating colorblindness for RGB
value of a pixel. Here, the weighted value matrix W and bias vector b of this
model is defined as the following equations, and transfer function f(·) is pure
linear function (Fig. 4(b)).

W =

⎡
⎣

w11 w12 w13

w21 w22 w23

w31 w32 w33

⎤
⎦ = AXY Z2RGBAXY Z2XY ZpARGB2XY Z (12)

b =

⎡
⎣

0
0
0

⎤
⎦ (13)

To input the entire image for a neural network, the weighted value matrix
W should be extended as the following equation:

W =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

w11 w12 w13 0 0 0 · · · 0
w21 w22 w23 0 0 0 · · · 0
w31 w32 w33 0 0 0 · · · 0
0 0 0 w11 w12 w13 · · · 0
0 0 0 w21 w22 w23 · · · 0
0 0 0 w31 w32 w33 · · · 0

0 0 0 0 0 0
. . .

...
0 · · · · · · · · · · · · · · · · · · w33

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(14)

Here, W a square matrix of size n (= the height of input image × the width of
input image × 3). The input vector of this neural network should compose of
RGB values of an image.
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In a similar way, an image filter for extraction of edge, such as Laplacian filter,
can be expressed by using a neural network model. For example, a convolution of
laplacian kernel k (= [0, -1, 0; -1, 4, -1; 0, -1, 0]) for extraction edge is expressed as
a neural network with the following weighted value matrix W and bias vector b:

W =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

4 0 0 −1 0 0 · · · 0
0 4 0 0 −1 0 · · · 0
0 0 4 0 0 −1 · · · 0

−1 0 0 4 0 0 · · · 0
0 −1 0 0 4 0 · · · 0
0 0 −1 0 0 4 · · · 0

0 0 0 −1 0 0
. . .

...
0 · · · · · · · · · · · · · · · · · · 4

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, b =

⎡
⎣

0
0
0

⎤
⎦ (15)

Here, an input vector of this neural network should be RGB values of an image, the
order of components of the vector is [R1, G1, B1, R2, G2, . . . , G(H×W ), B(H×W )]T .
(Ri, Gi, Bi) is RGB value of the i-th pixel. W a square matrix of size n (= the
height of input image × the width of input image × 3). The output vector this
layer of neural network express an edge image of each color plane (R, G, B) of an
input image. Next, to obtain a color edge image, the output vector input to the
layer defined as the following equation:

W =

⎡
⎢⎢⎢⎢⎢⎣

0.333 0.333 0.333 0 0 0 · · · 0
0 0 0 0.333 0.333 0.333 · · · 0
0 0 0 0 0 0 · · · 0
... · · · · · · · · · · · · · · · . . .

...
0 · · · · · · · · · · · · · · · · · · 0.333

⎤
⎥⎥⎥⎥⎥⎦

, b =

⎡
⎣

0
0
0

⎤
⎦ (16)

W is a matrix of size n (= the height of input image × the width of input
image) × m (= the height of input image × the width of input image × 3),
and the output vector of this layer express a mean of edge image of each color
plane (R, G, B) of an input image. Figure 7 shows an input image and an output
image of this two-layered neural network. This network can extract a map of the
discrimination performance of colors.

2.4 Algorithm of Proposed Method

In the proposed method, we design a multilayer neural network composed of
three building blocks as shown in Fig. 2. The 1st block assumes a function of
color conversion for an input image. The 2nd block simulates a perceptual model
of colorblindness using a layer model (Eq. (14)) as mentioned Sect. 2.3. The 3rd
block extract color edge for a simulated image of colorblindness using layers
model of neural network (Eqs. (15) and (16)). In the training, this neural network
is learned about a relationship of pixel values, i.e. color map, and a discrimination
performance of colors, i.e. color edge map, in an image (as shown in Fig. 7), and
the models of 2nd block and the 3rd block, i.e. weighted value matrix W and
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bias vectors b, are fixed while the neural network is learning overall. Thus, a color
conversion rule for colorblindness is trained as a part of a neural network (1st
Block). Because of perceptual model of color blindness is embed for the layers
of the neural network, a color conversion rule for keeping a color differences in
images in presence of lack of a color information can be obtained.

The learning of color conversion in proposed method is performed as following
procedure:

(1) generate training dataset from some images
(2) construct a multilayer neural network composed of three building blocks
(3) train the neural network with the models of the 2nd block and the 3rd block

are fixed
(4) a color conversion rule for colorblindness can be obtained as the 1st block of

the trained neural network

Here, a training dataset is pairs of input vector and desirable output vector of
the neural network. In this study, RGB values of pixel of an image is used an
input vector, and its color edge values of pixel of same image is used an output
vector.

The 1st block of a neural network of our framework should have N (= the
height of input image × the width of input image × 3) neurons as an input layer,
and M (= the height of input image × the width of input image × 3) neurons as
an output layer. The output vector of this block as RGB values of a image send
to the 2nd block. The weighted values and biases of neurons of the 1st block are
updated based on back propagation algorithm in the training.

3 Experimental Results and Discussions

In this section, we apply the proposed method to the images have various colors,
to verify its effectiveness.

Figure 8 shows experimental results of our color conversion method. In this
experiment, the images of Fig. 8(a) are used as training images for our multilayer
neural network in advance, and the images of Fig. 8(c) are obtained as the output
vectors of the 1st block of our neural network. As can be seen from the images
of Fig. 8(b) and (d), the color conversion is functioning effectively.

Figure 9 shows experimental results of the color conversion using the pre-
trained neural network. In this experiment, we apply the pre-trained color con-
version neural network to other images. The images of Fig. 9(c) are obtained from
the same neural network as above experiment. As can be seen from the images
of Fig. 9(b) and (d), the color conversion is effectively although the images of
Fig. 9(a) are not the training images.
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(a) (b) (c) (d)

Fig. 8. Experimental results 1. (a) input images, (b) simulated protanopia color vision of
(a), (c) color conversion images by proposed method, (d) protanopia color vision of (c).
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(a) (b) (c) (d)

Fig. 9. Experimental results 2. (a) input images, (b) simulated protanopia color vision of
(a), (c) color conversion images by proposed method, (d) protanopia color vision of (c).
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4 Conclusions

We proposed a novel digital image color conversion algorithm for color blindness
employing a multilayer neural network. We focused that a discrimination per-
formance of colors in an image is depend on a color difference of the colors on
the boundary of regions. In the proposed method, we design a multilayer neural
network composed of three building blocks: layers for image color conversion, lay-
ers for perceptual model of color blindness, and layers for color discrimination.
The 2nd block and the 3rd block are predesigned based on perceptual model of
color blindness and color discrimination, and these models are fixed while the
neural network is learning overall, and a color conversion rule for colorblindness
is trained as a part of a neural network (1st Block). In the experiment, we apply
the proposed method to the test image have various colors. The results show the
effectiveness of proposed method.
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