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Abstract
People with color vision deficiency (CVD) have a reduced capability to discriminate different colors. This impairment can 
cause inconveniences in the individuals’ daily lives and may even expose them to dangerous situations, such as failing to 
read traffic signals. CVD affects approximately 200 million people worldwide. In order to compensate for CVD, a signifi-
cant number of image recoloring studies have been proposed. In this survey, we briefly review the representative existing 
recoloring methods and categorize them according to their methodological characteristics. Concurrently, we summarize 
the evaluation metrics, both subjective and quantitative, introduced in the existing studies and compare the state-of-the-art 
studies using the experimental evaluation results with the quantitative metrics.

Keywords Color vision deficiency · Recoloring · Evaluation metrics

1 Introduction

Color perception is one of the essential functions of human 
vision. It affects almost all aspects of an individual’s daily 
and working lives, for example, recognizing traffic signals, 
checking the condition of cooked meat, discriminating the 
colors of flowers and leaves, and so on. However, disorders 
in color vision have many causes, such as genetic altera-
tions of cone cells, cortical trauma, degenerative diseases/
disorders, but the anomaly in cone cells is the most common 
reason for color vision deficiency (CVD). There are three 
kinds of cone cells in the human retina: L-cone, M-cone, 
and S-cone cells. When all three kinds of cone cells func-
tion properly, individuals are identified as having normal 
color vision, a.k.a., trichromats (trichromacy). However, 
anomalies in these cells can lead to partial or complete loss 
of function. According to the number of affected cone cell 

kinds and their severity, CVD can be classified as anoma-
lous trichromacy (anomalous trichromats), dichromacy 
(dichromats), or monochromacy (monochromats) [1]. Both 
anomalous trichromacy and dichromacy involve one type 
of anomalous cone cells. Moreover, anomalous trichromacy 
and dichromacy can be further divided into protan (L-cone 
anomaly), deutan (M-cone anomaly), and tritan (S-cone 
anomaly) deficiencies. Specifically, anomalous trichromacy 
can be classified as protan trichromacy, deutan trichromacy, 
and tritan trichromacy; dichromacy can be classified as pro-
tanopia (L-cone), deuteranopia (M-cone), and tritanopia 
(S-cone). Because individuals with protan deficiency (pro-
tan trichromacy; protanopia) and those with deutan defi-
ciency (deutan trichromacy; deuteranopia) have difficulty 
discriminating red and green, they are commonly stated as 
having red–green CVD. For monochromacy, either two or 
all kinds of cone cells are missing or dysfunctional. People 
with monochromacy either perceive all colors in grayscale 
shades or blue shades [2].

People with CVD experience varying degrees of contrast 
loss. In order to compensate for CVD, numerous recolor-
ing approaches have been proposed in the past two dec-
ades. Ribeiro et al. carefully reviewed the recoloring algo-
rithms for CVD compensation in their survey paper [3] on 
the aspects of methodology and the recoloring procedure. 
They classified all methods according to the compensation 
targets (anomalous trichromacy, dichromacy, and mono-
chromacy) and color space (e.g., RGB, CIE L*a*b*) where 
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the recoloring was performed. What is more, they gave a 
qualitative assessment of the recoloring approaches based on 
the perceptual requirements of contrast enhancement, natu-
ralness preservation, and color consistency. It was a very 
efficient way to learn the key ideas and main pipelines of 
many recoloring methods via [3]. However, the timestamp 
pressed on [3] is 2019, and outstanding recoloring works 
have since been released throughout the world. What has 
come to light is that the evaluation experiments verifying 
the effectiveness of the recoloring algorithms are equally 
important for the methodology proposals.

In this survey, we briefly review all the representative 
existing recoloring approaches and give detailed descrip-
tions of the state-of-the-art works; categorize all these meth-
ods according to their compensation targets and common 
methodological characteristics; summarize the subjective 
experiments and quantitative metrics introduced in the exist-
ing recoloring studies; and reproduce the recoloring results 
using the state-of-the-art works, and evaluate these recolored 
images using the introduced quantitative metrics.

2  Color vision deficiency simulation

In order to digitally visualize what is seen by individuals 
with CVD, simulation methods have been proposed in [4–6]. 
Due to the missing or dysfunction of one of the three kinds 
of cone cells, individuals with dichromacy can perceive 
colors using the remaining two kinds of cone cells in addi-
tion to the achromatic colors. Based on the studies [7, 8] 
that reported the color percepts of dichromats, Brettel et al. 
[4] proposed to simulate their color vision in the LMS color 
space. The gamut of dichromacy is modeled as two half-
planes. As shown in Fig. 1, for people with protanopia or 
deuteranopia, the two half-planes are composed of a neutral 
color vector (e.g., gray, white) and two chromatic vectors 
with wavelengths of 475 nm (blue) and 575 nm (yellow). For 
people with tritanopia, the half-planes are formed with neu-
tral color vector and two chromatic vectors with wave length 
of 485 nm (blue–green) and 660 nm (red). Then, colors in 
the LMS space are projected onto those half-planes along 
the axis corresponding to the non-functioning cone cell, and 
the simulation result of dichromacy can be obtained. Due 
to the discontinuity of the gamut formulated in [4], when 
giving a color in the 3D color space, the simulation algo-
rithm needs to first determine a half-plane to project onto. 
Viénot et al. [5] conducted a further experiment on [4] and 
proposed a linear dichromacy simulation algorithm, a 3 × 3 
transformation matrix.

Based on the shift theory of cone cell sensitivity [1] 
(Fig. 2), Machado et al. [6] proposed a method for simulating 
anomalous trichromacy of varying degrees. The origin the-
ory of sensitivity shift explains the exon replacement in cone 

cells, anomalous trichromacy should result from that. Exons 
in one kind of cone cells are partially replaced with those in 
other cone cells, and such replacements make the sensitivity 
of anomalous cone cells shift toward that of other cone cells, 
for example, the L-cone sensitivity of protan trichromats 
shifts toward M-cone sensitivity (Fig. 2b, c). Moreover, the 
longer shift distance indicates a severe degree of CVD. In 
[6], a sensitivity shift of 20 nm is regarded as a severe case 
of anomalous trichromacy. The simulation method builds 
upon the two-stage theory put forward in [9]. According to 
the two-stage theory, perception of the color of a stimulus on 
display involves two transformations: (1) L-, M-, and S-cone 
cells transform the visible electromagnetic spectrum signal 
emitted from the screen to bioelectrical signal (l,m, s) and 
transport the signal to the visual center the brain; (2) the 
visual center transforms the bioelectrical signal (l,m, s) to 
three opponent-color channels, i.e., white–black, red–green, 
and yellow–blue; (3), a 3 × 3 transformation matrix Tnormal 
that converts an RGB stimulus to opponent-color percep-
tion can be obtained. However, the alterations in cone cells 
hinder the transformation of bioelectrical signals, and the 
alternative transformation matrix TCVD that converts an RGB 
stimulus to opponent-color space, which is in a manner of 
CVD, can be obtained by taking sensitivity shift into con-
sideration. For visualizing the color perception of CVD for 
trichromats, given a stimulus C in RGB color space and a 
specified distance of sensitivity shift d , CVD simulation 
result Cd can be obtained as Cd = M(C, d) = T−1

normal
TCVDC . 

Let Tsim = T−1
normal

TCVD , the entire procedure of anomalous 
trichromacy simulation can be performed in the RGB color 
space as Cd = TsimC.

S

L M

575nm

475nm

Whitec

cp

Fig. 1  Protanopia simulation in the LMS color space using the 
method proposed by Brettel et  al. [4]. c color in LMS 3D space. cp 
protanopia simulation result for c (along L-axis)
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3  Evaluation metrics

This section reviews the evaluation metrics used in existing 
subjective and objective experiments to verify the recolor-
ing algorithms’ effectiveness. In the subjective experiments, 
participants with CVD were recruited to evaluate recolor-
ing results directly. Considering the difficulty in recruiting 
CVD participants, some studies adopted indirect evaluation, 
that is, inviting individuals with trichromacy and showing 
them the CVD simulation results of the recolored images. 
Contrast and naturalness are the two most important factors 
which should be considered. Contrast can be understood as 
the difference within a local area or among distant areas in 
an image, such as the texture of an object or chromatic dif-
ference among objects. One important goal of recoloring is 
to compensate for the loss of contrast in the perception of 
CVD. When recoloring an image for contrast enhancement, 
it is inevitable to change some colors that can be properly 
perceived by CVD users, for example, recoloring the user 
discriminable blue sky to gray, resulting in an image that 
appears unnatural for CVD users. Therefore, the preserva-
tion of naturalness also becomes an important indicator of 
algorithm effectiveness. In the objective experiments, the 
naturalness and contrast can be directly evaluated using 
quantitative metrics. In the subjective experiments, in 
addition to requiring the participants to score the contrast 
of recolored images subjectively, some studies involved 
participants in color vision-related tasks for performance 
evaluation.

3.1  Subjective evaluation

Ishihara test: this evaluation scheme is introduced in 
[10–12]. Each test plate in Ishihara test consists of dots with 
different colors. This tool is used to diagnose whether an 
individual is with CVD. People with trichromacy can read 
the figure or pattern formed by these dots correctly. How-
ever, people with CVD cannot discriminate the dots of the 

foreground from those of the background due to loss of color 
contrast; they may fail to read the figure or read it incor-
rectly. Therefore, it can be used to evaluate the effective-
ness of the recoloring algorithms that whether the recolored 
images can help CVD users read those test plates.

Farnsworth–Munsell 100 Hue test: this evaluation 
scheme is introduced in [13]. This tool involves an exami-
nee in a cap-sorting task. Given two fixed chromatic caps, A 
and B, at two polar ends, an examinee is asked to adjust the 
array of chromatic caps between A and B to make the color 
variation smooth. Though distinct, each cap is very similar 
to others, and an error value can be calculated from the cap-
sorting result of the examinee; a higher error value indicates 
a more severe CVD. Besides the diagnosis of CVD, this test 
has the capability to measure the degree of CVD. Therefore, 
it can be used to evaluate the effectiveness of the recoloring 
algorithms that whether the recoloring results can help CVD 
users reduce the error values of the test.

Color matching test: this evaluation scheme is introduced 
in [14]. After being presented with a reference chromatic 
block, an examinee is required to select the same color block 
from a set of candidate blocks. This test can evaluate the 
recoloring algorithms that whether they can reduce the mis-
matching of chromatic blocks by CVD users.

Character recognition: this evaluation scheme is intro-
duced in [15]. In this scheme, a participant is required to 
read the tinted characters from a chromatic background. A 
high similarity between font color and background color can 
make the characters hard to be read. This scheme can evalu-
ate whether the recoloring algorithms can improve CVD 
users’ readability if the font color and background color in 
the original media contents are confusing to them.

Image scoring: this evaluation scheme can be seen in 
[16–18]. In this scheme, a participant can directly score the 
recolored image from his or her own point of view. The test 
image can receive a score on several scales (e.g., the 5-point 
Likert scale) from negative to positive. The effectiveness 

Fig. 2  Shift theory of cone cell sensitivity adopted in the CVD simu-
lation method [6]. a Sensitivity curves of normal vision. b, c Sensi-
tivity curves of protan trichromacy. L-cone sensitivity shifts toward 

M-cone sensitivity. d, e Sensitivity curves of deutan trichromacy. 
M-cone sensitivity shifts toward L-cone sensitivity
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of the recoloring algorithms can be confirmed if they can 
achieve high evaluation scores from participants.

3.2  Objective evaluation

Using the CVD simulation methods, the perception of CVD 
users can be obtained approximately. The recolored images 
and their CVD simulation results can be used in contrast and 
naturalness evaluations.

The quantitative metrics for contrast evaluation can be 
classified as either absolutive ones or relative ones, accord-
ing to whether a reference image is required. An absolutive 
metric (without a reference image) sums up the strengths of 
contrasts within a single image. In contrast, a relative metric 
(with a reference image) compares the difference between 
contrasts of homologous pixel pairs or color pairs in the 
test image and the reference image. In an absolutive metric, 
stronger contrasts contribute to a higher score. In a relative 
metric, not over-enhanced contrast, but just noticeable dif-
ference (JND) or contrast identical to that in the reference 
image is better. On the other hand, the pixel pairing way of 
a metric determines whether it is a global contrast calculator 
or not. A metric that pairs a pixel with its neighboring pixels 
can be considered a local contrast calculator.

Different from metrics for contrast evaluation, reference 
images are required in the quantitative metrics for natural-
ness evaluation. There are two kinds of assessment schemes 
used in the existing studies. An intuitive scheme involves 
measuring the amounts of chromatic changes made to CVD 
perceptions, i.e., comparing the CVD simulation of the 
recolored image with that of the original image. As an alter-
native scheme that takes the universal design into account, 
the amount of the changes to the perceptions of CVD is con-
sidered as well as the changes to the perceptions of normal 
vision; thus, this scheme directly compares the recolored 
images with the original images, pixel-by-pixel.

3.2.1  Contrast metrics in monochromacy studies

Global luminance error: in [19], the global luminance error 
(GLE) metric was introduced. In the GLE metric, the lumi-
nance difference between any pixels ci and cj in the grayscale 
image is compared with color contrast �ij between homolo-
gous colors in the original image, and it can be calculated as:

where i ranges over the image, and K indicates a set of pixels 
in the image; lum(⋅) stands for the pixel’s luminance in the 
grayscale image. A lower value of GLE indicates increased 
preservation of contrast. The GLE metric is a global contrast 

GLE(i) =

√
1

K

∑
j∈K

1

�2
ij

(
�ij −

|||lum
(
ci
)
− lum

(
cj
)|||
)2

,

calculator, and it calculates the relative contrast error 
between the test image and the reference image. In order to 
uniformly and comprehensively evaluate the contrast pres-
ervation in the grayscale image, whether inside the object 
or between adjacent or distant objects, the GLE metric can 
be used.

Color contrast preserving ratio: in [20–22], the color 
contrast preserving ratio (CCPR) metric was introduced. 
This metric is devised based on JND, and it is defined as:

where � is a threshold set by the user; Ω represents a pixel 
pair set, and it contains neighboring pixel pair (x, y) in the 
original image, whose color contrast is greater than � ; Ω 
indicates the number of pixel pairs in Ω ; gx , gy denotes the 
grayscale values of pixels x , y in the grayscale image; #{⋅} 
stands for the number of pixel pairs that satisfy two condi-
tions, i.e., (x, y) ∈ Ω and |||gx − gy

||| ≥ � . A higher value of 
CCPR indicates better preservation of contrast. The CCPR 
metric is a local contrast calculator, and it calculates the 
relative contrast preserving ratio of the test image to the 
reference image. In order to evaluate whether the grayscale 
image preserves local details at the lowest degree, for exam-
ple, studies of enhancing edges between adjacent objects, 
the CCPR metric can be used.

3.2.2  Contrast metrics in dichromacy studies

Global chromatic diversity: in [23, 24], the global chromatic 
diversity (GCD) metric in the CIE L*a*b* color space was 
introduced, and the GCD value of an image can be calcu-
lated as:

GCD(i, j) =

√(
li − lj

)2
+
(
ai − aj

)2
+
(
bi − bj

)2 ,where 
i and j range over the colors in CVD simulation result of the 
recolored image; li , ai , and bi are L*, a*, and b* values of 
pixel i . The GCD metric is a global contrast calculator, and 
it calculates the absolutive strength of the contrast in an 
image. The higher the GCD value, the stronger the contrast 
is. In order to uniformly and comprehensively evaluate the 
contrast which may even be stronger than that in the input 
image, for example, image enhancement studies, the GCD 
metrics can be used.

Global contrast error: in [25, 26], global contrast error 
(GCE) metric was introduced, which can be computed as:

where i and j range over the colors in the image; ci and 
c
′

i
 denote homologous colors in the original image and the 

CCPR =

#
{
(x, y)|(x, y) ∈ Ω,

|||gx − gy
||| ≥ �

}

Ω
,

GCE(i, j) =
(
ci − cj − sim

(
c
�

i

)
− sim

(
c
�

j

))2

,
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recolored image, respectively; ‖⋅‖ is the Euclidean length of 
a vector; sim(⋅) is the dichromacy simulation function. The 
GCE metric is a global contrast calculator, and it calculates 
the relative contrast error of the test image, comparing to 
the reference image. The smaller the GCE value, the better 
the contrast preservation is. For the studies which constrain 
the pixel pair-wise or color pair-wise contrast in the CVD 
simulation result for the recolored image to be identical to 
that in the input image, the GCE metric can be used.

Local contrast error: in [17, 18, 27], the local contrast 
error (LCE) metric was introduced, which can be computed 
as:

where i ranges over the pixels in the image; Ωi indicates a set 
of randomly selected pixels from the neighborhoods of pixel 
i , and Ωi represents the number of pixels in Ωi . The LCE 
metric is a local contrast calculator, and it calculates the rela-
tive contrast error between the test image and the reference 
image. The smaller the LCE value, the better the contrast 
preservation is. In order to evaluate the local contrast within 
a certain area, the LCE metric can be used.

Local absolute contrast: in [16], the local absolute con-
trast (LAC) metric was introduced, which can be computed 
as:

where i ranges over the pixels in the CVD simulation result 
of the recolored image; Gh(⋅) and Gv(⋅) are horizontal and 
vertical Sobel gradient operators, respectively. The LAC 
metric is a local contrast calculator, and it calculates the 
absolutive strength of the contrast in an image. The higher 
the LAC value, the stronger the contrast is. In order to evalu-
ate the local contrast within a very small area, the LAC met-
ric can be used.

3.2.3  Contrast metrics in anomalous trichromacy studies

Contrast preservation rate: in [12], contrast preservation rate 
(CPR) metric was introduced, which can be computed as:

where i ranges over the pixels in the image, and j is the 
neighboring pixel of i ; n is the number of neighboring pixels 
of i ; pi and qi are homologous pixels in the test image and 
the reference image; �pi and �pi are the mean and standard 

LCE(i) =

��������
1

Ωi

�
j∈Ωi

⎛
⎜⎜⎜⎝

sim
�
c
�

i

�
− sim

�
c
�

j

�
− ci − cj

160

⎞
⎟⎟⎟⎠

2

,

LAC(i) =

√
Gh(i)

2 + Gv(i)
2,

CPR(i) =
1

n − 1

∑n

j=1

��
pj − �pi

��
qj − �qi

��
+ �

�2
pi
+ �2

pj
+ �

,

deviation of neighboring pixels of pi ; � is a small constant 
to avoid the denominator being zero. The CPR metric is a 
local contrast calculator, and it calculates the relative con-
trast error between the test image and the reference image. 
The higher the CPR value, the better the contrast preserva-
tion is. Similar to LCE, in order to evaluate the local contrast 
within a user-specified area, the CPR metric can be used. 
Table 1 shows the summary of quantitative metrics for con-
trast evaluation.

3.2.4  Naturalness metrics

Chromatic difference: in [12, 16, 18, 24–26, 28], chromatic 
difference (CD) metric in the CIE L*a*b* color space was 
introduced, which can be computed as:

where i ranges over the pixels in the image; l′
i
 , li , a

′

i
 , ai , b

′

i
 , 

and bi are L*, a*, and b* values of homologous pixel i in the 
test image and reference image; � is the weight of luminance 
difference. By setting � = 0 , the metric in [12, 16, 18] can 
consider only two chromatic components.

In addition to the CD metric, structure similarity (SSIM) 
[29] and feature similarity (FSIMc) [30] metrics are com-
mon indexes used in naturalness evaluation.

4  Recoloring for monochromacy

Because only one kind of cone cell or no cone cell (only 
rod cells) functions, the color gamut of monochromacy is 
reduced to one dimension. Recoloring methods for mono-
chromacy merely remap colors in the image to one channel 
(usually the luminance channel).

4.1  Monochromacy tailor‑made recoloring

Recoloring methods [31, 32] are the only two works that 
cover monochromacy compensation, among those depicted 
in [3]. These two methods are optimization-based, and the 
recoloring was performed in the CIE L*a*b* color space. 
The authors devised their objective functions to preserve an 
equal-proportional contrast in the grayscale image, referring 
to the original contrast between color pairs. In [31], a linear 
transformation function g

(
ci
)
 was adopted to remap arbitrary 

color ci in the original image to the target gamut; and the 
Fletcher–Reeves conjugate gradient method was utilized to 
minimize their objective function:

CD(i) =

√
�
(
l
�

i
− li

)2
+
(
a

�

i
− ai

)2
+
(
b

�

i
− bi

)2
,

E2 =

n∑
i=1

n∑
j=i+1

{
ci − cj

Dmax

−
g
(
ci
)
− g

(
cj
)

dmax

}
,
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where constants Dmax and dmax in the function denote the 
maximal distance between any colors in the gamut of nor-
mal vision and monochromacy, respectively. The concept 
behind [32] is the same as [31], that is, preserving an equal-
proportional contrast in the grayscale image. In [32], the 
objective function was formulated as:

where gi stands for the one-dimensional value after recol-
oring for ci ; and k denotes the target proportionality. Each 
resulting color gi can be directly obtained by minimizing the 
objective function. The naturalness preservation, that is, the 
preservation of original luminance perceived by individuals 
with monochromacy, was not considered in [31, 32].

4.2  Color‑to‑gray conversion studies

As discussed by Shen et al. [33], recoloring for CVD indi-
viduals is one type of dimension reduction problem, espe-
cially for monochromacy, which has high relevance to 
color-to-gray conversion (decolorization) studies. In this 
survey, we introduce five color-to-gray methods, which 
are optimization-based [19, 20, 34, 35] and convolutional 
neural network-based [21].

Lu et al. [20], Gooch et al. [34], and Liu et al. [35] paid 
attention to contrast preservation. Gooch et al. [34] firstly 
devised a mechanism to calculate signed difference �ij for 
each color pair 

(
ci, cj

)
 in the CIE L*a*b* space; then, they 

introduced their objective function as:

where gi and gj stand for the resulting grayscale values of ci 
and cj ; finally, the conjugate gradient iteration method was 
adopted to minimize E.

E =

n∑
i=1

n∑
j+1

{
gi − gj

ci − cj
− k

}
,

E =
∑
(i,j)

((
gi − gj

)
− �ij

)2
,

Likewise, Lu et al. [20] proposed a method to preserve 
the contrast in the grayscale image, considering both the 
RGB color space and CIE L*a*b* space. Given two colors 
cx =

(
rx, gx, bx

)
 and cy =

(
ry, gy, by

)
 , their difference g�

x
− g

�

y
 

in the grayscale image is constrained by the original con-
trast �x,y , in a manner of maximizing likelihood:

Because of the ambiguity in determining the sign of 
�x,y (the order of grayscale value), the authors adopted 
a bimodal selection mechanism to loosen the constraint 
introduced in [34]. For an unambiguous color pair 

(
cx, cy

)
 , 

which satisfies cx ≤ cy , that is, rx ≤ ry&gx ≤ gy&bx ≤ by , 
the model G

(
�x,y, �

2
)
 is used; otherwise, if the pair 

(
cx, cy

)
 

is regarded as ambiguous, then an alternative model,

is used. Considering the complexity of the objective func-
tion, the authors developed a solver to solve their problem.

Liu et al. [35] proposed “WpmDecolor” as an optimi-
zation model for decolorization in RGB color space. This 
model calculates the grayscale image g by a linear com-
bination of three channels of the original image. It can be 
represented as:

g� =
∑

c={r,g,b}

wcIc,where Ic denotes the c channel of the 

original image, and wc stands for the weight assigned to the 
c channel. Once the weight wc is determined, the grayscale 
image g′ is obtained. The weight wc is subject to ∑

c={r,g,b} wc = 1 and can be obtained by maximizing the 
objective function:

G
�
�x,y, �

2
�
= exp

⎧
⎪⎨⎪⎩
−

���g
�

x
− g

�

y
− �x,y

���
2

2�2

⎫
⎪⎬⎪⎭
,

����x,y
��� =

��
lx − ly

�2
+
�
ax − ay

�2
+
�
bx − by

�2
.

1

2

{
G
(
�x,y, �

2
)
+ G

(
−�x,y, �

2
)}

,

Table 1  Summary of 
characteristics of contrast 
evaluation metrics

CVD: M—monochromacy, D—dichromacy, AT—anomalous trichromacy. Contrast: G—global, L—local, 
A—absolutive, R—relative

Metrics CVD Contrast

M D AT G L A R

GLE ● ● ●
CCPR ● ● ●
GCD ● ● ● ●
GCE ● ● ● ●
LCE ● ● ● ●
LAC ● ● ● ●
CPR ● ● ● ●
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where P indicates a pixel pair set, which consists of local 
neighboring pixels and global paired pixels. The coefficient 
Sx,y is calculated as:

where Ic,x and Ic,y indicate the c channel values of the homol-
ogous pixels in the original image. A smaller |||Ic,x − Ic,y

||| will 
output a larger Sx,y , and the details in the resulting image can 
be enhanced.

In [21], a convolutional neural network was proposed to 
decolorize images. The authors performed the decolorization 
while considering both global and local semantic features of 
the color images. Thus, the convolutional neural network 
consists of four parts. The first part was called a low-level 
feature network, directly extracting low-level features from 
the image. The second and third networks, global feature 
network, and local semantic network, calculate global and 
local features from the extracted low-level features; finally, 
the fourth network computes the grayscale image from the 
calculated global and local features. In order to train their 
whole network, the authors prepared a dataset using the 
decolorization method introduced in [20]. Furthermore, their 
loss function was devised as:

in which the Euclidean distance between the output of the 
network, ĝn , and the ground truth, gn , is calculated; N rep-
resents the number of images they used to train the network.

Kuhn et al. [19] proposed a decolorization algorithm 
utilizing the spring–mass system in the CIE L*a*b* color 
space. Each color ci is regarded as a particle Pi in the system, 
and the mass of Pi is represented as:

where ai and bi stand for the a* and b* component values 
of color ci , respectively. To this point, we can know that 
the smaller the distance to the luminance axis, the larger 
the mass the particle assigned. For an achromatic color 
whose mass is assumed to be infinity, its luminance is kept 
unchanged. Otherwise, the force Fi(t) that is applied to Pi 
and its luminance L∗

i
(t) at time t are calculated according to 

∑
(x,y)∈P

(
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)2
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�
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Hooke’s law; the luminance at the next time t + Δt can be 
calculated by:

Before applying the spring–mass system, Kuhn et al. 
decreased the number of particles via color quantization 
methods; finally, they interpolated the final grayscale image 
according to the decolorized quantized colors. The lumi-
nance of the original image is preserved to some extent by 
setting larger masses to colors with less chromaticity.

4.3  Evaluation experiment

Due to the difficulty in inviting individuals with mono-
chromacy and most studies introduced in this section pro-
posing the color-to-gray conversion task, there were no 
subjective evaluations involving CVD participants; alter-
natively, the user study with normal vision volunteers was 
conducted by [21, 32, 35]. The contrast evaluation-related 
task selects the grayscale image that can represent the details 
of the reference (original) image best.

4.4  Summary of monochromacy 
and the color‑to‑gray conversion studies

In this survey, seven recoloring methods which are for mon-
ochromacy compensation or decolorization were introduced. 
All these methods perform the recoloring based on the opti-
mization models. Both recoloring for monochromacy and 
decolorization aim to solve a common problem: mapping 
information of three channels into a single channel against 
contrast loss. Before the popularization of the artificial 
intelligence network, hand-crafted algorithms occupied the 
majority of recoloring methods for monochromacy/decol-
orization. Albeit need to prepare training data using existing 
hand-crafted methods, the network proposed in [21] intro-
duced deep learning to the recoloring for monochromacy.

5  Recoloring for dichromacy

An enormous number of recoloring algorithms have been 
proposed for dichromacy compensation based on the 
dichromacy simulation methods. In this section, we first 
categorize the existing recoloring methods for dichromacy 
and then give detailed descriptions of the state-of-the-art 
methods; finally, we compare these methods using the results 
from the evaluation experiments conducted in these studies.

L∗
i
(t + Δt) = Fi(t)

Δt2

mi

+ 2L∗
i
(t) − L∗

i
(t − Δt).
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5.1  Recoloring methods for dichromacy in past two 
decades

5.1.1  Customized difference addition

We classify the methods in [10, 22, 26, 28, 36, 37] into a cat-
egory named “customized difference addition” (CDA). For 
these methods, dichromacy simulation methods are firstly 
adopted to simulate the dichromacy perception Id to the orig-
inal image I , and ΔI = ||I − Id

|| , the difference between the 
original image and the simulated image is then calculated; 
next, the calculated difference is adjusted either by the algo-
rithms or the users to obtain a customized difference ΔIe ; 
finally, the customized difference ΔIe is added to I to obtain 
the recolored image I′ . CDA algorithms usually can preserve 
naturalness well; they are usually easy to implement and 
time-efficient, which is important for daily usage. However, 
the contrast in the recolored image may not be guaranteed 
because the relationship between pixels or colors has not 
been given enough consideration.

5.1.2  Hue rotation

We classify the methods in [25, 27, 38–46] into a category 
named “hue rotation” (HR). For these methods, rotation ΔH� 
by an angle � is applied to the hue of the original image. For 
example, the algorithm proposed by Ching et al. [44] rotates 
hues of reds to yellows and maps hues of greens to blues 
for contrast enhancement. In addition to the hue, methods 
by [38, 39, 42] also deform the saturation and luminance of 
the original image to obtain the recolored image. Similar to 
CDA, the algorithms in HR are usually easy to implement 
and time-efficient. Nevertheless, the hue rotation may make 
significant changes to CVD perception, which can reduce 
the naturalness of the result.

5.1.3  Optimization

We classify the methods in [16–18, 22, 23, 25, 31, 32, 41, 
43, 45–53] into a category named “optimization” (Opt). 
For these methods, except for Huang et al. [25], key colors 
are firstly extracted from the original image using image 
quantization, clustering, color sampling, and so forth. Then, 
objective functions are used to find optimal target colors for 
the extracted key colors or optimal mapping applied to the 
whole image. Finally, the resulting image can be obtained by 
interpolating from the recolored key colors or applying the 
mapping to the original image. The method by Huang et al. 
[25] can be viewed as a mixture of HR and Opt, because the 
angle of hue rotation is obtained through the optimization 
model. The most salient advantage of optimization-based 
algorithms is that the contrast is guaranteed. However, Opt 

methods may require more time of computation than those 
of HR and CDA.

5.1.4  Node mapping

We classify the methods in [24, 54] into a category named 
“node mapping” (NM). These methods firstly distribute 
identical numbers of nodes to the gamut of trichromats in 
3D RGB space and the 2D gamut of dichromats; then, the 
algorithms try to map the path from the nodes in the 3D 
space to the nodes in the 2D space, while maintaining the 
original distance relations. Methods of NM can preserve the 
image structure; however, the consideration of naturalness 
preservation is not enough.

5.2  The state‑of‑the‑art studies

The algorithm in [26] is a follow-up of [28]. Both meth-
ods were proposed to compensate for red–green deficiency 
(protanopia and deuteranopia). Because individuals with 
red–green deficiency have difficulty discriminating red and 
green while they can perceive blue well, these methods 
attempt to compensate for the confusing colors by increasing 
their blue component. When they perform the recoloring in 
the CIE XYZ color space, the X and Z components are modi-
fied, while the luminance component Y is kept unchanged 
after recoloring. The algorithms try to increase the Z com-
ponent of the colors because this component contributes 
to blue. In order to generate the recoloring result I′ for an 
input image I , the following procedures are conducted: (1) 
use Brettel’s method to calculate the dichromacy simulation 
result Id of I , (2) transform I and Id from RGB space to XYZ 
space, (3) normalize each color by its Y component, and 
the normalized original color and simulated color are rep-
resented as Co =

(
Xo, Yo, Zo

)
 , and Cs =

(
Xs, Ys, Zs

)
 , respec-

tively, (4) calculate compensation vector (ΔX, 0,ΔZ) from 
Co and Cs , (5) add the vector (ΔX, 0,ΔZ) to Co , to obtain 
the resulting color C′ , (6) transform C′ back to RGB space. 
The only difference between [26] and [28] is the increasing 
amount of Z component. The increasing amount ΔZ in [26] 
is β times to that in [28], where 1 ≤ � ≤ 4 . For colors with 
a small difference from their dichromacy simulations, the 
amount of change is also small; thus, the naturalness of the 
original image should be preserved well in the recolored 
images. The method proposed in [26] can be classified into 
the CDA category.

Zhu et al. proposed two recoloring methods [16, 17] for 
dichromacy compensation. Zhu et al. performed the recolor-
ing within the gamut of dichromacy. Both methods formu-
late the recoloring as an optimization problem, consisting of 
contrast enhancement and naturalness preservation, and the 
recolored one can be obtained by solving a linear equations 
system. The objective function is represented as follows:
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where c′

i
 , c′

j
 denote the recoloring results; � is the weight of 

naturalness term. Similar to existing optimization-based 
studies, the methods proposed by Zhu et al. firstly extract a 
small number of representative colors RC (or dominant 
color) from the original image I for acceleration; then, the 
recolored representative colors RRC are obtained through 
putting RC into the optimization model; finally, the whole 
image is obtained from RRC using edit propagation meth-
ods. On the other hand, the method in [16] performs the 
recoloring in the LMS color space, and that in [17] performs 
in the CIE L*a*b* color space, respectively. For simplifica-
tion, the method in [16] processes each channel of LMS 
individually; the method in [17] focuses on compensation 
for red–green dichromacy, and the optimization is conducted 
in the one channel, that is, yellow–blue channel b*. Gener-
ally, both methods simultaneously enhance the contrast and 
preserve the naturalness in the recolored image; the high 
computation time of representative color extraction and 
propagation hinders their application in real time. The meth-
ods in [16] and [17] can be classified into the Opt 
category.

Wang et  al. [18] proposed an optimized dichromacy 
projection (ODP) for dichromacy compensation in the CIE 
L*a*b* color space. In [52], the two half-planes in the LMS 
space are transformed into 2D planes, the CIE L*a*b* space 
by the method of least squares; the 2D planes go through 
the luminance axis L*, and the angle between the plane and 
L*b* plane can be represented as � . The algorithm in [18] 
attempts to find a linear transformation that projects the 
colors in the 3D space onto the 2D plane while preserving 
naturalness and enhancing contrast. By rotating the coordi-
nates of CIE L*a*b* space along the L* axis by angle � , the 
L*b* plane can be aligned with the 2D plane. Furthermore, 
the a* value of the colors projected onto the 2D plane can 
be left alone because any color on the 2D plane has a = 0 ; in 
addition, supposing that recoloring the image with the colors 
on the 2D plane can preserve the luminance of the original 
image, modification to luminance channel can also be left 
alone. As a result, channel b* becomes the only channel that 
needs to be changed, and the recoloring can be represented 
as projecting colors on the 2D a*b* plane to 1D b* axis. 
The projection can be represented as: b� = waao + wbbo , 
where ao and bo are a* and b* components of the original 
color after rotation; wa and wb are projection weights. Con-
straining wa + wb = 1 , the projection can be further simpli-
fied as: b� =

(
1 − wb

)
ao + wbbo . The only variable wb in the 

projection is obtained from an optimization model consist-
ing of the naturalness preservation and contrast enhance-
ment terms. The linear transformation and sparse sampling 
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i
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− sim
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strategy in the optimization enable the algorithm to recolor 
an image very quickly; contrast enhancement and natural-
ness preservation are guaranteed by the optimization. The 
method in [18] can be classified into the Opt category.

Li et al. [22] introduced neural networks into the recolor-
ing for dichromacy. With the great achievement of research 
on generative adversarial networks (GAN), much more stud-
ies try to use GAN and its variations to transform the style 
of the input image or change the color of the image. Li et al. 
demonstrated that training GAN (e.g., pix2pix-GAN [55]) 
could be used to generate recolored images for dichromacy 
compensation. For training, Li et al. prepared a dataset 
consisting of the original images and the recolored image 
pairs. The recolored images are generated by Huang et al. 
[41] or their original method, named the improved octree 
quantification method (IOQM). The IOQM first clusters the 
input image to obtain key colors C0 . Then, the difference Di 
between each key color C0

i
 and its dichromacy simulation 

result Cd
i
 is calculated to determine its confidence; a smaller 

Di links to higher confidence. Next, each key color C0
i
 is 

compared to those key colors which have higher confidences 
than C0

i
 , and if C0

i
 is judged to be “unrecognizable,” it will be 

recolored by adding a customized difference of Di to itself, 
while the difference customization is in the optimization 
stage. Finally, each pixel in the original image is recolored 
according to the distance to its nearest key color. In order to 
improve the quality of the dataset, they recruited people with 
normal vision to filter inappropriate data from the dataset. 
Besides the neural network’s performance, the characteris-
tics of the dataset (e.g., whether the naturalness preservation 
is considered) are an important factor that influences the 
recoloring results. The method in [22] can be classified as a 
mixture of categories CDA and Opt. Simultaneously, seman-
tic information (e.g., object) has begun to attract researchers’ 
attention, and [22] showed that the tendency for introducing 
an artificial intelligence network into recoloring for CVD 
would become popular.

5.3  Comparison

In order to evaluate the effectiveness of the recoloring 
results, subjective and quantitative experiments were con-
ducted in the recoloring studies. The methodologies and 
evaluation experiments are summarized in Table 2.

Figures 3 and 4 show the recoloring results of Hassan 
et al. [26, 28], Zhu et al. [16, 17], and Wang et al. [18] for 
protanopia and deuteranopia compensations, respectively. 
The first row of each instance shows the stimulus images, 
and the second row shows the dichromacy simulation images 
generated using [4]. In Fig. 3, for the instance of “Paint,” 
Zhu et al. [16, 17] (Fig. 3d, e) and Wang et al. [18] (Fig. 3f) 
enhanced the contrast between the sun and the sky well; for 
the instance of “Plant,” Hassan et al. [26] (Fig. 3c), Zhu et al. 
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[17] (Fig. 3e), and Wang et al. [18] (Fig. 3f) significantly 
enhanced the contrast between the berries and leaves; for the 
instance of “Paprika,” Hassan et al. [26, 28] (Fig. 3b, c), Zhu 
et al. [16] (Fig. 3d), and Wang et al. (Fig. 3f) significantly 
enlarged the difference between red paprikas and green 
paprikas. For “Flower 1” in Fig. 4, Hassan [26] (Fig. 4c) 
and Wang et al. [18] (Fig. 4f) enhanced the contrast between 
the flowers and background. For “Flower 2,”

Wang et al. [18] (Fig. 4f) significantly enhanced the con-
trast between the flower and leaves; for the instance of “Ishi-
hara Test,” Hassan [26] (Fig. 4c) and Wang et al. (Fig. 4f) 
significantly enlarged the difference between the figures 
“26” and background. The quantitative evaluation results 
of the recolored images in Figs. 3 and 4 using GCD, LCE, 
CD, and FSIMc metrics are shown in Tables 3, 4, 5, and 6, 
respectively. From the viewpoint of quantitative metrics, in 
terms of protanopia compensation, [26] and [16] obtained 
the best scores for the global contrast evaluation metric 
GCD, whereas [17, 28], and [18] obtained the best scores 
for the local contrast evaluation metric LCE, respectively; 
for the naturalness evaluation, the scores of [28] and [17] are 
best. Regarding deuteranopia compensation, [26] and [18] 
obtained the best scores for the global contrast evaluation 
metric GCD. Additionally, [18] obtained the best scores for 

the local contrast evaluation metric LCE, respectively; for 
the naturalness evaluation, the scores of [28] and [17] are 
best. In general, the method of [28] preserves naturalness 
well, but the improvement of contrast is not significant; the 
method of [26] is just opposite to [28]. Zhu et al. [16, 17] 
preserved naturalness well but may fail to enhance the con-
trast in some cases (e.g., Fig. 3-“Paprika”). Wang et al. [18] 
enhanced contrast well but may fail to preserve the natural-
ness in some cases (e.g., Fig. 4-“Flower 2”). In addition, 
compared to Zhu et al. [16, 17], the algorithms of [18, 26, 
28] are time-efficient.

5.4  Summary of recoloring for dichromacy

In this section, recoloring methods for dichromacy have 
been classified as CDA, HR, Opt, and NM. The state-of-
the-art studies [16–18, 22, 26] have been explained in 
detail. The methodologies and evaluation metrics have 
been summarized. Qualitative and quantitative compari-
sons of state-of-the-art studies have been made, using the 
examples of recoloring results and the evaluation metrics 
introduced in Sect. 3, respectively.

Table 2  Summary of 
methodology and evaluation 
experiment of recoloring studies 
for dichromacy

Methodology: CDA—customized difference addition, HR—hue rotation, Opt—optimization, NM—node 
mapping. Subjective experiment: P—performance, N—naturalness, O—overall-preference. Performance: 
IT—Ishihara test, IS—image scoring. Quantitative experiment: C—contrast, N—naturalness. Contrast: 
GCD—global chromatic diversity, GCE—global contrast error, LCE—local contrast error, LAC—local 
absolute contrast. Naturalness: CD—chromatic difference

References Methodology Subjective experiment Quantitative experi-
ment

CDA HR Opt NM P N O C N

[10] ● IT
[23] ● IS GCD
[50] ●
[24] ● GCD CD
[39] ●
[40] ●
[42] ● IS
[25] ● ● IS ● GCE CD
[52] ● IS ● ●
[41] ● ●
[51] ●
[28] ● ● ● CD, FSIMc
[27] ● LCE
[26] ● IS ● ● GCE CD, FSIMc
[16] ● IS ● LAC CD
[17] ● IS ● LCE SSIM
[18] ● IS ● LCE CD
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6  Recoloring for anomalous trichromacy

This section first categorizes the existing recoloring meth-
ods for anomalous trichromacy and then gives detailed 

descriptions of the state-of-the-art method; finally, we 
introduce the evaluation experiment we conducted.

Fig. 3  Recoloring results of Hassan et al. [26, 28], Zhu et al. [16, 17], and Wang et al. [18] for protanopia compensation
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Fig. 4  Recoloring results of Hassan et al. [26, 28], Zhu et al. [16, 17], and Wang et al. [18] for deuteranopia compensation

Table 3  Evaluation results of recolored images for dichromacy com-
pensation using the global chromatic diversity metric

Images [28] [26] [16] [17] [18]

Paint 15.68 20.75 24.16 17.90 16.11
Plant 23.39 31.42 24.03 26.31 27.51
Paprika 36.71 48.72 38.13 39.16 38.56
Flower 1 23.79 44.35 23.15 28.89 31.68
Flower 2 32.08 32.94 36.35 39.99 40.24
Ishihara 15.60 18.75 16.90 16.06 16.46

Table 4  Evaluation results of recolored images for dichromacy com-
pensation using the local contrast error metric

Images [28] [26] [16] [17] [18]

Paint 29.66 55.52 42.66 9.06 12.58
Plant 71.96 35.76 76.08 41.40 34.02
Paprika 34.50 50.35 73.62 36.76 35.95
Flower 1 81.85 72.06 77.61 53.98 48.43
Flower 2 96.14 101.83 93.72 61.16 56.75
Ishihara 21.64 22.36 25.81 21.36 8.25
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6.1  Recoloring methods in past two decades

6.1.1  Color vision correction

We classify the methods in [13, 56–59] into a category 
named “color vision correction” (CVC). These methods 
were proposed based on the assumption that individuals 
with low-severity anomalous trichromacy distortedly see the 
colors, while their color gamut is almost identical to that of 
normal vision. Thus, the distortion in the color perception 
of anomalous trichromats can be corrected by reinforcing 
components of the original stimulus. These methods correct 
the perception of CVD by applying the reversing operation 
of CVD simulation M to the original stimulus s to obtain 
the recoloring result s′ , that is, s� = M−1s . Then, CVD per-
ceptions of s′ are approximately identical to normal vision 
perceptions of s . It is very charming that CVC methods can 
correct the distortion of color perception of anomalous tri-
chromacy. However, it is invalid if a target color overflows 
(out of the capacity of the screen) or the degree of CVD is 
severe (reduction in the color gamut is significant).

6.1.2  Channel adjustment

We classify the methods in [60–62] into a category named 
“channel adjustment” (CA). These methods individually 
increase or decrease the value of channels of the input image 
to compensate for target CVD. For example, the method 
proposed by Poret et al. [60] decreases the red channel of the 

input image by about 20% in the RGB color space for pro-
tan deficiency compensation; the thought behind [60] is that 
individuals with protan deficiency perceive dark, saturated 
reds better than dull, light ones. On the contrary, Chen et al. 
[61] decided to increase the saturation of the input image by 
20% in the HSI color space through an experimental study. 
In contrast, the method in [62] distributes the information 
of the red channel to green and blue channels for protan 
compensation and distributes the value of the green channel 
to red and blue channels for deutan compensation. Similar 
to methods in the CVC, methods in CA are time-efficient. 
These methods can improve color discriminability to some 
extent. However, methods by Poret et al. [60] and Chen 
and Liao [61] do not consider the diversity of anomalous 
trichromacy, i.e., they cannot adapt the recoloring results 
to the degree of CVD; thus, these methods are difficult for 
practical application. Because the contents of images are not 
considered by Lee and Santos [62], its effectiveness may be 
limited.

6.1.3  Optimization

We classify the methods in [11, 12, 14, 15, 63, 65] into a cat-
egory named “optimization” (Opt). These methods, except 
for Huang et al. [63], follow a recoloring pipeline of “key 
color extraction,” “key color recoloring,” and “result image 
interpolation.” By interacting with CVD users, Flatla et al. 
[14] obtained a function that could judge whether the user 
could distinguish between two colors; if two key colors were 
judged as indistinguishable, then one of two key colors was 
replaced with a randomly generated color; the replacement 
procedure continued until there were no indistinguishable 
colors. In order to improve the color discrimination, Ichi-
kawa et al. [15] recolored the key colors by a genetic algo-
rithm dependent on a fitness function in the CIE Luv color 
space. Huang et al. [63] optimized the hue channel of the 
input image in the HSV color space via histogram trans-
formation. Milic et al. [11] and Shen et al. [65] rotated the 
colors, which are on the same confusing line, by different 
angles and directions referring to the positions of neighbor-
hoods in the color space. Optimization guarantees the color 
contrast but may increase the computation time significantly.

6.2  The state‑of‑the‑art methods

The method proposed in [12] was a follow-up of Zhu et al. 
[16] and [17]. The recoloring model of Zhu et al. [12] is 
illustrated in Fig. 5. The methods in [16] and [17] recolored 
images for dichromacy compensation, while [12] adopted 
the anomalous trichromacy simulation method from 
Machado et al. [6] and adapted the recoloring to the differ-
ence in anomalous trichromacy for better compensation. In 
addition, they further improved the effect of compensation 

Table 5  Evaluation results of recolored images for dichromacy com-
pensation using the chromatic difference metric

Images [28] [26] [16] [17] [18]

Paint 6.278 23.252 12.198 5.862 6.173
Plant 4.607 17.269 7.005 10.567 10.570
Paprika 5.289 21.755 15.078 11.082 25.773
Flower 1 8.675 39.468 7.504 7.146 15.854
Flower 2 8.498 39.698 9.578 6.273 28.238
Ishihara 2.043 8.684 9.795 7.988 4.037

Table 6  Evaluation results of recolored images for dichromacy com-
pensation using the feature similarity metric

Images [28] [26] [16] [17] [18]

Paint 0.9967 0.9744 0.9578 0.9935 0.9929
Plant 0.9935 0.9723 0.9318 0.9669 0.9616
Paprika 0.9953 0.9845 0.8663 0.9849 0.9586
Flower 1 0.9934 0.9726 0.9574 0.9847 0.9510
Flower 2 0.9960 0.9667 0.9615 0.9920 0.9640
Ishihara 0.9959 0.9833 0.9845 0.9922 0.9929
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by introducing a coefficient � which is related to the per-
ception errors of individual colors into the recoloring. This 
strategy keeps strong naturalness preservation constraints 
on discriminable colors, such as yellow and blue, for protan 
and deutan deficiencies, while loosening those constraints 
on confusing colors, such as red and green, for contrast 
enhancement. Given a specified CVD degree d , the objective 
function formulated in [12] can be represented as follows:

where ci and c′

i
 indicate homologous color in the original 

image and the recolored image, and M
(
ci, d

)
 denotes the 

result of CVD simulation for ci using [6]; naturalness coef-
ficient �i of individual color ci is calculated in a Gaussian 
function form:

In [12], the authors recruited participants with different 
CVD degrees and showed them compensation images of 
varying CVD degrees generated from Ishihara test images. 
Furthermore, they computed “singular degrees” from the 
subjective evaluation result of each participant to explore 
the relationship between the performances of participants 
in the subjective experiment and their physical degrees of 
CVD. Finally, a user interface is developed for users to select 
appropriate recoloring degrees for their conditions.

The method proposed by Shen et al. [65] is a follow-up of 
[11]. Same as [11], Shen et al. [65] extracted key colors from 
the input image and transformed the image from RGB color 
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space to CIE Luv color space. Referring to the confusion 
points and confusion lines defined by Mollon and Regan 
[66], the key colors which locate on the same confusion 
lines are recolored for enhancing the contrast between key 
colors. Finally, other colors are recolored referring to the key 
colors. A significant difference between [65] and [11] is that 
Milic et al. [11] only processed the chromatic component 
of colors, while Shen et al. [65] further adopted a light-
ness adjustment strategy to improve the effect of contrast 
enhancement. The lightness adjustment strategy modifies 
the luminance channel of a color according to its distance 
to the confusion point given by [66].

6.3  Comparison

The methodologies and evaluation experiments are sum-
marized in Table 7. Compared to dichromacy studies, less 
quantitative experiments were conducted in anomalous tri-
chromacy research. A possible reason is that no study can 
statistically summarize or classify all CVD severities world-
wide. However, powerful simulation methods for anomalous 
trichromacy had already been proposed. Naively assuming 
five severity degrees (which may not physically exist), i.e., 
20, 40, 60, 80, and 100% of anomalous trichromacy accord-
ing to the simulation model of Machado et al. [6], Zhu et al. 
[12] conducted a quantitative experiment for contrast and 

naturalness evaluations. They adopted the contrast preserva-
tion rate (CPR) metric introduced by Shen et al. [33] for con-
trast evaluation and calculated chromatic difference between 
the CVD simulation of the recolored and the original images 
for naturalness evaluation. Due to the fact that 100% degree 
of anomalous trichromacy approaches dichromacy, we 
compared the recoloring results for 100% anomalous tri-
chromacy with dichromacy studies evaluated above, using 
the same quantitative metrics used above.

Figures 6 and 7 show the recoloring results of Zhu et al. 
[12] for protan trichromacy and deutan trichromacy com-
pensations, respectively. Both figures show that losses of 
color contrast become severe with increasing of the assumed 
CVD degree. From these two examples, the algorithm in 
[12] adapts the contrast enhancement and naturalness pres-
ervation to the degrees of CVD well. Evaluation results of 
recolored images in Figs. 6 and 7 using the same metrics we 
used to evaluate dichromacy studies are shown in Tables 8 
and 9.

At the same time, we compare the results of CVD 
degree 100% in Figs. 6 and 7 with those in Figs. 3 and 4. 
The result for protan 100% (Fig. 6f) shows that Zhu et al. 

Fig. 5  Recoloring model proposed by Zhu et  al. [12]. a The cubic 
space represents the gamut of normal vision, and the subspace in 
shadow stands for the gamut of anomalous trichromacy; the diagram 
illustrates the recoloring procedure of Zhu et  al. [12] in RGB color 
space. b A simplified diagram of the recoloring procedure shown in 
a. ci , cj colors in the input image. c̃i , c̃j CVD simulation results for ci , 
cj . c

′

i
 , c′

j
 recoloring results for ci , cj . c̃

′

i
 , c̃′

j
 CVD simulation results for 

c
′

i
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j



3013Image recoloring for color vision deficiency compensation: a survey  

1 3

[12] preserved the contrast between the sun and sky well, 
which is comparable to those of Zhu et al. [16] (Fig. 3d), 
Zhu et al. [17] (Fig. 3e), and Wang et al. [18] (Fig. 3f), but 
better than those of Hassan and Paramesran [28] (Fig. 3b) 
and Hassan [26] (Fig. 3c). Figure 7f shows a distinction 
between the flower and leaves in the recoloring result of 
Zhu et al. [12] for deutan 100%, which is better than those 
of Hassan and Paramesran [28] (Fig. 4b), Hassan [26] 
(Fig. 4c), Zhu et al. [16] (Fig. 4d), and Zhu et al. [17] 

(Fig. 4e); additionally, it is more natural than that of Wang 
et al. [18] (Fig. 4f). For the result of the quantitative metric 
evaluation shown in Tables 8 and 3–6, the results of Zhu 
et al. [12] are comparable to those of Zhu et al. [16, 17], 
Wang et al. [18], and Hassan and Paramesran [28] but 
better than those of Hassan [26]; for Tables 9 and 3–6, the 
results of Zhu et al. [17] are better than those of Zhu et al. 
[12], but Zhu et al. [12] is still comparable to Zhu et al. 

Table 7  Summary of 
methodology and evaluation 
experiment of recoloring studies 
for anomalous trichromacy

Methodology: CVC—color vision correction, CA—channel adjustment, Opt—optimization. Subjective 
experiment: P—performance, N—naturalness. Performance: IT—Ishihara test, FM—Farnsworth–Mun-
sell 100 Hue test, CM—color matching test, IS—image scoring, CR—character recognition. Quantitative 
experiment: C—contrast, N—naturalness. Contrast: CPR—contrast preservation rate. Naturalness: CD—
chromatic difference

Reference Methodology Subjective experiment Quantitative 
experiment

CVC CA Opt P N C N

[13] ● FM
[62] ● IS
[14] ● CM
[63] ●
[56] ● IS
[15] ● CR
[11] ● IT ●
[59] ● IS
[12] ● IT ● CPR CD
[65] ● IS ● CD

(a) Input (b) Protan 20% (c) Protan 40% (d) Protan 60% (e) Protan 80% (f) Protan 100%

Fig. 6  Recoloring results of for 20, 40, 60, 80, and 100% protan tri-
chromacy using Zhu et al. [12]. The first row of b–f shows the CVD 
simulation results of a, which are generated using Machado et al. [6]. 

The second rows of b–f show the recoloring results. The third row of 
b–f shows the CVD simulation results of the recolored images shown 
in the second row
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[16], Hassan and Paramesran [28] and Wang et al. [18] and 
is better than Hassan [26].

6.4  Summary of recoloring for anomalous 
trichromacy

In this section, recoloring methods for anomalous 

(a) Input (b) Deutan 20% (c) Deutan 40% (d) Deutan 60% (e) Deutan 80% (f) Deutan 100%

Fig. 7  Recoloring results of for 20, 40, 60, 80, and 100% deutan tri-
chromacy using Zhu et al. [12]. The first row of b–f shows the CVD 
simulation results of a, which are generated using Machado et al. [6]. 

The second row of b–f shows the recoloring results. The third row of 
b–f shows the CVD simulation results of the recolored images shown 
in the second row

Table 8  Evaluation results of recolored images for protan trichromacy compensation using the global chromatic diversity (GCD), local contrast 
error (LCE), chromatic difference (CD), and feature similarity (FSIMc) metrics

Metrics Protan 20% Protan 40% Protan 60% Protan 80% Protan 100%

GCD 18.73 19.22 20.22 20.88 21.30
GCE 6.71 11.57 15.95 19.05 21.16
CD 2.177 4.863 6.846 7.788 8.423
FSIMc 0.9991 0.9981 0.9968 0.9957 0.9940

Table 9  Evaluation results of recolored images for deutan trichromacy compensation using the global chromatic diversity (GCD), local contrast 
error (LCE), chromatic difference (CD), and feature similarity (FSIMc) metrics

Metrics Deutan 20% Deutan 40% Deutan 60% Deutan 80% Deutan 100%

GCD 46.28 38.54 34.73 34.02 33.88
GCE 27.86 65.47 85.96 90.33 90.64
CD 6.740 7.750 11.280 12.910 13.531
FSIMc 0.9840 0.9883 0.9897 0.9881 0.9877
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trichromacy compensation have been reviewed. These 
methods are classified as CVC, CA, and Opt. Different 
from dichromacy, the gamut of low-severity anomalous tri-
chromacy is almost the same as that of normal vision, but 
colors are perceived in a distorted way. This characteristic 
enables anomalous trichromats to perceive the recolored 
images as trichromats perceiving the original images. Inad-
equacy of severity calibration reduces the performance of 
CVC methods, and these methods may perform well within 
low-severity anomalous trichromacy, but the effect of 
compensation may be decreased if the severity increases. 
Nevertheless, both CVC and CA approaches are time-effi-
cient. Optimization guarantees the color contrast but may 
increase the computation time significantly. On the other 
hand, though the severity calibration problem has been dis-
cussed in [33] and [12], there is still no effective method 
for CVD degree calibration. Besides the methodologies, 
we summarized the subjective experiments and objective 
experiments conducted in the recoloring studies; finally, we 
showed the recoloring results of the state-of-the-art work 
[12] and compared the results of CVD 100% with those of 
dichromacy studies from the results of GCD, GCE, CD, and 
FSIMc metrics.

7  Direction of future research

A comprehensive solution for CVD compensation should 
consist of CVD calibration, recoloring algorithm, and 
application to devices. In this section, we discuss the future 
research directions from these three view-points.

7.1  Calibration

As reviewed in Sect. 2, simulation methods for anomalous 
trichromacy, such as the model in [6], can simulate varying 
degrees of CVD. Nevertheless, there is still no method can 
precisely measure the degree of CVD which an individual is 
affected. The subjective experiment conducted by Zhu et al. 
[12] demonstrated the importance of adapting the recoloring 
to the personal degree of CVD. Therefore, developing CVD 
calibration techniques can be a fundamental direction of 
future research for CVD compensation. Zhu et al. [12] gave 
a potential breakthrough for CVD calibration, that is, utiliz-
ing the recoloring results generated for varying degrees.

7.2  Compensation approach

As discussed in [3], conventional recoloring approaches pro-
cess images in a pixelwise manner and they suffer from the 
conflicting requirements of contrast and naturalness. The 
appearance and development of deep learning techniques 
provide a new option for improving approaches for CVD 

compensation. Although studies [21, 22] showed the poten-
tial of introducing deep learning to the recoloring for CVD 
compensation, they still used the result images generated by 
conventional recoloring methods as ground truth for training 
the network. Therefore, how to collect a sufficient number of 
high-quality training data can be an important issue. Extract-
ing semantics information with deep learning approaches 
and incorporating them into the recoloring is also a potential 
direction of research.

7.3  Application

In addition to PC display, applying recoloring algorithms 
to some other devices, such as head mounted display, may 
encounter problems like high computation time, position 
misalignment between contents of displaying and the real 
scene [67]. Studies [33, 64] lighted a future direction of 
combining recoloring algorithms with advanced display 
devices, such as stereo display and computational glasses 
for supporting the daily lives of CVD individuals as well 
as the visual communication between CVD individuals and 
people with normal vision.

8  Summary

In this survey, we first reviewed the CVD simulation models 
for dichromacy and anomalous trichromacy. We then sum-
marized the evaluation schemes and metrics introduced in 
the existing studies. Finally, we introduced the recoloring 
studies on monochromacy, dichromacy, and anomalous 
trichromacy.

The subjective evaluation schemes reviewed in this sur-
vey can be listed as follows:

Ishihara test (performance);
Farnsworth–Munsell 100 Hue test (performance);
color matching test (performance);
character recognition (performance);
image scoring (performance, naturalness).

The quantitative evaluation metrics reviewed in this sur-
vey can be listed as follows:

global luminance error (contrast);
color contrast preserving ration (contrast);
global chromatic diversity (contrast);
global contrast error (contrast);
local contrast error (contrast);
local absolute contrast (contrast);
contrast preservation rate (contrast);
chromatic difference (naturalness);
structure similarity (naturalness);
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feature similarity (naturalness).

In the sections, recoloring for dichromacy and recolor-
ing for anomalous trichromacy, we first categorized existing 
recoloring methods. The recoloring methods for dichromacy 
compensation were classified into categories as follows:

customized difference addition;
hue rotation;
optimization;
node mapping.

The recoloring methods for anomalous trichromacy com-
pensation were classified into categories as follows:

color vision correction;
channel adjustment;
optimization.

And we discussed the pros and cons of these kinds of 
methods. Then, we gave detailed descriptions of the state-
of-the-art methods. Finally, we compared the recoloring 
methods using results from the evaluation experiments and 
discussed the directions of future research regarding CVD 
compensation.
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