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ABSTRACT 
Visual communication design requires that feeling information and exchange of information must be 
conveyed efficiently and accurately. In this paper, we design a robust principal component sub-analysis 
visual enhancement algorithm based on improved Retinex. The algorithm transforms the image to the 
logarithmic domain so that it satisfies the decomposition condition of RPCA. After the RPCA 
decomposition model to get the low-rank component and sparse component, and will use adaptive 
gamma correction algorithm for the low-rank component for contrast enhancement, the two 
components are combined and then inverse transformed in the logarithmic domain to get the 
enhancement results. To avoid color distortion, the input image is converted to HSV color space to 
separate illumination information from noise. The model uses the inexact augmented Lagrange 
multiplier method (IALM) to solve the optimization problem, which leads to a significant improvement 
in the decomposition speed. The performance of the designed algorithm is verified on the dataset, and 
it is found that after the color equalization process for overexposed images, the gray value distribution 
is more uniform, and the image shows a better sense of brightness and visual effect after the contrast 
is increased. The algorithm scores 0.4648 and 0.7577 in UCIQE and UIQM respectively, which are 
ranked first among all algorithms and have better visual effect and information communication 
efficiency. 

Keywords: retinex, color balance, principal component analysis, image enhancement, visual design 
 

1. Introduction 

Visual design is the process of communicating information using visual elements and user experience. 
Its definition emphasizes the importance of the use of visual elements, user experience, and 
communication of information [1-2]. Through visual design, it is possible to create attractive, easy to 
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understand, and impressive visuals that enable better communication of information and provide a 
better user experience [3-4]. It specifically includes social media visualization, visual expression, data 
visualization, graphic design and user experience design [5]. Currently visualization design research 
continues to develop at home and abroad and covers a wider range of fields, and research related to 
visualization design has become a hot spot. 

With the rapid development of computer network, the visualization pathway of Internet 
information becomes richer and richer, and in the field of visual communication and design, in addition 
to the traditional text, image and animation, the communication of visual information mainly relies on 
the graphic elements in the visualization interface [6-8]. Taking webpage design as an example, 
webpage is a collection of all kinds of visual elements, and the design of key visual elements such as 
color, image and text within the webpage needs to follow the basic rules of visual communication and 
pay attention to the impact of visual information and the humanized construction of human-computer 
interaction environment [9-10]. 

In the traditional way of designing the visual communication of Internet information, the user's 
cognitive psychology is generally taken as the basis of design, and less attention is paid to the 
emotional communication and content interaction between the visual elements and the users, which 
leads to the fact that the users only take the App interface and webpage content as the entrance to 
obtain information, and neglect the value of the information carrier itself [11-13]. Information graphic 
interaction technology is a personalized visual element technology means based on graphic 
beautification technology, aiming to enhance the user's attention to the information of visual elements 
by enhancing the graphic interactivity in the design of visual elements, which in turn enhances the 
effect of graphic visual expression [14-16]. As an important medium for information visual 
communication, information graphics are significantly different from ordinary decorative graphics, 
which present different forms such as icons, UI, and guide symbols in different apps, web pages, and 
other interface designs, and have the role of information transmission [17-19]. 

For interface design, the communication of visual information mainly relies on coding and decoding 
conversion, in which the designer of the interface encodes the initial information data that the 
webpage needs to carry as the visual language, and then through the decoding process on the user's 
side, the design elements in the visual language are converted into information that is easy to be 
accepted by the user [20-22]. The interaction process between the designer and the interface is the 
process of transforming the initial data to visual information, and the interaction process between the 
user and the interface is the process of transforming the visual information into the knowledge they 
have learned, so the process of information graphicalization can be regarded as the practical 
application of coding and decoding theory in semiotics [23-25]. Using the graphics of the interactive 
interface, the designer can take the organization and processing of the initial data as the basis of the 
graphical interaction, and precisely define the user's interface interaction actions to complete the 
communication, transformation and reception of important visual information. At the user's end, the 
user's information reception belongs to the process of “decoding” after decoding, where the user 
visually translates the information contained in the graphic according to his own cognitive style and 
comprehension ability, and selectively receives the information content after the emergence of mental 
activities [26-28]. It can be seen that the information graphics in the interactive process plays a leading 
role, reasonable application of graphical interaction technology can stimulate the interest of users and 
assist them to complete the efficient identification of information. 

Exploring the underlying logical issues in visualization practices and applications in related 
research, literature [29] tested and evaluated the presentation of different visual effects of VHs 
colliding with the real physical world, indicating that visual effects exerted an influence on user 
socialization, interaction, and physical states based on different scenarios and effect types. Literature 
[30] conducted a comparative survey experiment and indicated that student textbook choices are 
attributed to the visual design image of the textbook and the students' perception of the textbook 
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impression, which provides an important reference for personalizing the visual design of textbooks. 
Literature [31] in the study of smartphone interface indicated that the visual design of icon color and 
border shape significantly affects the user's search efficiency and cognition, and the optimization 
related to visual design can improve the user experience. Based on the stimulus-organism-response 
theory, literature [32] illuminated the complexity of background visualization design of live 
broadcasting room, which can stimulate consumers' purchasing desire by inducing and guiding 
customers' emotions, in which the complexity of background visualization design and consumers' 
emotions present an inverted U-shaped relationship. 

In the design innovation category of research around the optimization of visual design technology 
work, literature [33] envisioned a three-path mediation model to evaluate website visual design 
metrics, which was found to have a positive effect on website visual evaluation through its effect on 
usability and pleasantness. Literature [34] designed a visualization framework for collaboration with 
seven features such as structural constraints for identifying visualizations, content modifiability, etc., 
which effectively supports designers in visualization design. Literature [35] attempted to use an 
automated intelligent model to assess and predict the relative importance of visualization and image 
design elements, and verified the feasibility based on simulation experiments. Literature [36] 
conceived a method for automatic extraction of stylistic information for image design with a series of 
character detection, style classification and clustering techniques as the core technology, which can 
effectively identify and predict the visualization of image problems and typographic design trends. 
Literature [37] conceived an ontological framework to optimize the visual analysis (VA) process for 
impediments such as technical deficiencies and to effectively support developers in visual visual 
analysis and design in a structured and systematic manner. 

In this paper, Retinex is first optimized to convert color images into HSI spatial model with adaptive 
stretching of saturation. A convolution operation is performed using bootstrap filtering to estimate the 
incident component of the image and enhance the real visual brightness. Then for the shortcomings of 
the global lookup table method, an ACE acceleration algorithm based on local linear lookup table 
(LLLUT) is proposed, which can ensure the color intelligent optimization quality of the output image 
while accelerating the algorithm. The image is decomposed into a low-rank component containing 
illumination information and a sparse component containing noise and detail information to improve 
the robustness of the decomposition model to interference information. For the illuminance 
component, an adaptive gamma correction algorithm is used for contrast enhancement to realize the 
adaptive capability. Finally, the two components are combined to obtain the enhancement results. 

2. Visual Enhancement Algorithm for Principal Component Sub-Analysis Based 
on Improved Retinex 

2.1. The retino-cortical theory 

The retina-cortex (Retinex) theory is an image generation theory based on the visual properties of the 
human eye. The theory considers that an image consists of two components, the illuminance 
component and the reflection component, as shown in equation (1). 

 *I L R  (1) 

where: I   is the original image; L   and R   represent the illumination and reflection components 
respectively; *   represents the corresponding pixel multiplication. The illumination component 
characterizes the structural information and illumination information of the image, which belongs to 
the low-frequency component: the reflection component characterizes the detail information and 
noise of the image, which belongs to the high-frequency component. 

Based on the above theory, Retinex image enhancement model is proposed, and the block diagram 
of the model is shown in Fig. 1. 
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Fig. 1. Block diagram of Retinex model 

The model first transforms the image to the logarithmic domain by transforming Eq. (1) to a 
logarithmic domain expression as shown in Eq. (2). 

 log log logI L R   (2) 

A Gaussian filter is then utilized to obtain the estimated illuminance component, shifting the term 
of equation (2) to obtain the reflection component in the logarithmic domain, which is reduced from 
the logarithmic domain and gives the final enhancement result. 

2.2. Improvement of the Retinex algorithm 

2.2.1. Saturation component of an adaptively stretched image. The traditional Retinex algorithm 
enhances the , ,R G B -component of the color image, which is easy to destroy the memory connection 
between the , ,R G B  -components, for this reason, the color image is ϐirst converted into the HSI 
spatial model, in which , ,H S I  describes the hue, saturation and brightness of the color, respectively 
[38]. Where saturation mainly describes the depth of the image color as (3). 

 
3

1 [min( , , )]S R G B
R G B

 
 

 (3) 

When the lighting conditions are not so good, the value of S  is relatively small, for this reason, the 
saturation needs to be adaptively stretched as in equation (4); 

 1
max( , , ) min( , , ) 1

VM
S S

R G B R G B

 
    

  (4) 

where VM  represents the saturation principal mean of the color image. 

2.2.2. Enhancement of image brightness. In low illumination conditions, the luminance of the color 
image is compared, for this reason a bootstrap ϐilter is used to perform a convolution operation with 
the original to estimate the incident component of the image. The bootstrap ϐilter can be expressed as 
equation (5). 

 j k j kq a I b   (5) 

Let the estimated value of the reflection component of the image be ( , )iR x y . The luminance of the 
image is processed using the gamma correction algorithm, which is specified in equation (6). 

 1/( , ) ( ( , ))vi iR x y R x y    (6) 

where   is the correction parameter. 
The luminance component after image enhancement is Eq. (7). 

 
3

1

( , ) ( , )enhanced v i vi
i

I R x y W R x y


   (7) 

where , 1,2,3iW i   denotes the weights of the 3 scales, i.e., the weight coefficients of the 3 luminance 
levels of the image, i.e., low, medium, and high. 
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2.2.3. Color recovery process. After the image enhancement process, the image color may be 
distorted, so the image color recovery process is required. The color recovery function is equation (8). 

 3

1

( , )
( , ) ln

( , ) 1

i
i n

i
i

G x y
C x y G

G x y






 
 
 
    


 (8) 

where, aG  represents the gain parameter;   represents the degree of image adjustment brightness, 
and   represents the degree of adjustment image color scheduling. 

The color channel after color recovery is equation (9). 

 ( , ) ( , ) ( , )i i iG x y C x y g x y  (9) 

The workflow based on the improved Retinex algorithm is shown in Fig. 2. 
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Fig. 2. Workϐlow of the improved Retinex algorithm 

2.3. Color balance optimization for visual effects 

2.3.1. Automatic Color Equalization. Automatic Color Equalization (ACE) algorithm is a color 
processing algorithm based on the characteristics of the human visual system to process the original 
image with excellent color correction effect, which can improve the color defects existing in the 
original image and the local and overall contrast, and improve the color saturation of the image, and 
then enhance the visual effect of the image [39]. Its basic process is shown in Figure 3. 
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Fig. 3. Processing ϐlow of automatic color balancing algorithm 

As can be seen from the figure, the processing flow of the automatic color equalization (ACE) 
algorithm for image color correction is mainly divided into two parts, the first part is to achieve 
chromatic aberration correction by adjusting the color or spatial domain of the image, and to obtain 
the reconstructed image of the null domain; the second part is to dynamically expand the final output 
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image. The automatic color equalization (ACE) algorithm is implemented by imitating the “side 
suppression” extreme to adjust the color/spatial domain of the image, to obtain the relationship 
between the original input image and the final output image, and its calculation formula can be 
expressed as follows: 

 
,

( ( ) ( ))
( )

( , )
c c

c
j Sabsel j p

r I p I j
R p

d p j 


   (10) 

where, Rò  represents the final output image; Iò  represents the original input image; represents the 
subset of pixels involved in the operation; p   represents the current pixel point in the image, j  
represents the reference pixel point, ( ) ( )c cI p I j  represents the difference in the brightness of the 
two pixels; r  represents the difference in the relative brightness between a pixel point and its other 
similar points around it as a singular function; d  represents the distance between the two pixels as 
a function of the height, and adopts the Manhattan distance as the d  function whose formula can be 
expressed as: 

 ( , ) | 1 2 | | 1 2 |d i j x x y y     (11) 

where ( 1, 1)x y   and ( 2, 2)x y   represent coordinate point i   and coordinate point j   respectively, 
and ( , )d i j  represents the Manhattan distance between the two coordinate points. 

Considering that the saturation function is better for color correction in the case of having most 
conditions, this is used as the r  function, and its calculation formula can be expressed as: 

 

1,

( ) / ,

1,

x T

r x x Slope T x T

x T

  
   
 

 (12) 

where T  represents the saturation threshold, 20T  ; Slope  represents the slope, 1/ 20Slope  . 

2.3.2. LLLUT-based ACE optimization algorithm. The traditional ACE algorithm has the advantages 
of excellent dynamic performance, good retention of local features and details, and is one of the most 
commonly used color correction algorithms, but the ACE algorithm has the disadvantage that as the 
image size needs to be adjusted is getting bigger and bigger, its computational complexity is getting 
higher and higher and the computation time is getting longer and longer, and some of them may take 
a number of hours or even longer. 

The purpose of optimizing the ACE algorithm is to reduce its computational complexity, improve the 
speed performance of the algorithm for image equalization processing, and select the local linear 
lookup table (LLLUT) method to optimize the ACE algorithm. The specific optimization method is to 
introduce a reduction factor in the ACE algorithm, reduce the original image, and then use the ACE 
algorithm to automatically color balance the reduced image; after that, according to the local linear 
transformation rules to restore the processed reduced image to obtain the final corrected image, to 
achieve the purpose of improving the visual effect of the image. 

The specific realization steps are as follows: 
1) Set, the original input image as I   and the subsampling factor as 2d  . After subsampling the 

original image using the sampling factor, a thumbnail image *I  is obtained; 
2) Perform a color equalization operation on the thumbnail image using an automatic color 

equalization (ACE) algorithm to obtain a thumbnail image *O ; 
3) For each color channel in the image, a separate LUT function is constructed to continuously pass 

close to a multi-valued function capable of mapping pixel values from the pixel values of the thumbnail 
image *I  to the pixel values of the thumbnail image *O , which has been processed by the automatic 
color equalization (ACE) algorithm; 
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4) Applying the LUT function built in step 3 to the original input image I , and finally outputting the 
reduced-size filtered image LUTO . 

The formula for the global lookup table method can be expressed as: 

 * *( , , )LUTO LUT I I O  (13) 

The basic principle of the local linear lookup table (LLLUT) algorithm is to consider the position of 
the pixel points in the image, i.e., according to the pixel value of a specific image flocculation point in 
the original input image, and the pixel value of the pixel point corresponding to it in the thumbnail 
image, and in the thumbnail image after the automatic color equalization processing to build the 
LLLUT function, to make up for the deficiencies that exist in the global lookup table method. 

The formula of LLLUT algorithm can be expressed as: 

 ( , ) ( , )( , ) ( , , )S S
LLL x y x yO x y LLL I I O   (14) 

The implementation steps of the ACE optimization algorithm based on LLLUT are as follows: 
1) Divide the original input image I  into L  square sub-matrix blocks with d  value as the side 

length, calculate the average of all pixel values in each sub-matrix block, and use the result of the 
calculation as a substitution point for that sub-matrix block. A smaller thumbnail *I  is obtained by 
combining all the substitution points; 

2) Perform an automatic color equalization calculation operation on the thumbnail *I  using the 
ACE algorithm and input the corrected thumbnail image *O  

3) According to the local linear transformation rule, restore the low-resolution thumbnail image *O  
to the original input image I  resolution, and obtain the final output image LLLUTO . 

Wherein, the local linear transformation rules are as follows: 
1) Let, the position coordinate of each pixel point in the channel c  of the original input image I  

be ( , ) cx y I , and the position coordinate ( , )iix y  corresponding to that pixel point in the thumbnail 

images *I  and *O  is calculated, which can be expressed as: 

 ( , ) (int( ) int( ))s s

x y
x y

d d
   (15) 

2) According to the position coordinates of the pixel point ( , )s sx y  with this coordinate point in the 

thumbnail image *I  up and down, left and right a total of 5 points for the definition of the region, its 
calculation formula can be expressed as: 

 
( , ), ( 1, ),( 1, ),

5 ( , )
( , 1), ( , 1)

s s s s s s
s s

s s s s

x y x y x y
N x y

x y x y

        
 (16) 

 cente 5 ( , )r s sN x y   (17) 

Where, center  represents the defined region of pixel point position coordinates ( , )s sx y , the main 
role of this region is to solve the information interpolation required when the local linear mapping 
function is determined. 

3) Let, the existence of pixel points ( , )i ix y  and ( , , )x y  in each defined region can minimize the 
value of the defined non-negative parameter, the specific formula is as follows: 

 ( , ) ( , )s
t c c t tI x y I x y    (18) 

 ( , ) ( , )s
r c r r cI x y I x y    (19) 

When 0, , 0i     , * ( , , )I x yò   represents the minimum value greater than ( , )cI x y  , which is the 

approximate pixel value around the ( , )cI x y -position coordinates; 
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4) Let: 

 ( , ), ( , )s s
l c l l r c r rp I x y p I x y   (20) 

 *( , ), ( , )t
l c l l r c r rq O x y q Q x y   (21) 

If point ( , )r rx y   does not exist, let 255, 255r rp q   ; if point ( , )x y    does not exist, let 

0, 0p q   . 

5) Define the linear LUT as line segment ( , ) {( , ), ( , )}t t r rL x y p q p q  and finally solve for ( , )O x yò  

based on the linear function with ( , )cI x y  positional coordinates. 

2.4. Adaptive enhancement algorithm based on robust principal component analysis 

Based on the above visual effect enhancement design, this section designs an adaptive enhancement 
algorithm based on robust principal component analysis (RPCA). Through RPCA decomposition, the 
proposed algorithm can accurately separate illumination information from noise for images in 
different lighting environments, thus avoiding noise amplification. 

2.4.1. Robust principal component analysis. Robust Principal Component Analysis (RPCA) is chosen 
for image decomposition.RPCA is based on PCA by introducing sparsity of noise, which makes the 
decomposition method more robust to noise with large amplitude [40].RPCA considers that a matrix 
can be composed of a low-rank matrix and a sparse matrix, i.e., a low-rank component and a sparse 
component as shown in Eq. (22). 

 X A E   (22) 

In image decomposition, X   is the input image, and A   and E   represent the low-rank and 
sparse components, respectively. Where the smaller rank makes the sample features in the low-rank 
component have strong correlation, which can be characterized as illumination information; the 
features in the corresponding sparse component have stronger independence, which can be 
characterized as detail texture information and noise. In order to solve the above two components, the 
constrained optimization problem can be obtained according to Eq. (22), as shown in Eq. (23). 

  , 0min ( ) || ||   . .A E rank A E s t X A E    (23) 

where ( )·rank  represents the rank of the matrix to be solved and 0|| ||  represents the 0-parameter 
of the matrix.   is the weight coefficient, which serves to balance the weights of the two components. 
When the weight coefficient is large, the low-rank component obtained by RPCA decomposition has 
more complete structural information, but may contain some noise. When the weight coefficient is 
small, the low-rank component obtained by RPCA decomposition is smoother and less noisy, but the 
sparse component will have more detailed information mixed with noise. 

An equivalent transformation of Eq. (23) is performed by replacing the rank of the matrix with the 
kernel paradigm and the 0-parameter with the 1-parameter, thus converting the NPHard problem into 
a relaxed convex optimization problem, as shown in Eq. (24). 

 , * 1min ( || || ) |  . .|| |A E A E s t X A E    (24) 

where *|| || , represents the kernel paradigm of the matrix and 1|| ||  represents the 1-parameter of 
the matrix. The image is transformed to the logarithmic domain for RPCA decomposition according to 
the Retinex enhancement model as shown in Eq. (25). 

 , * 1min (|| || || || )  . .A E A E s t I A E    (25) 

where , ,I A E  represents the original image, the low-rank component and the sparse component of 
the log domain, respectively. 
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2.4.2. Optimization problem solving. Augmented Lagrange multiplier method (ALM) is a classical 
and efϐicient optimization method, which introduces the idea of pairwise ascent method on the basis 
of the traditional Lagrange multiplier method to make the problem have the nature of convex 
function.ALM has a greater advantage in solving optimization problems with equational constraints. 

The form of the augmented Lagrange multiplier method is shown in (26). 

 min ( )  . ( ) 0f x st x   (26) 

 
2

2
( , ) ( ) ( ) ( )

2
L x f x x x

      (27) 

where   is the weight coefficient in the Lagrange multiplier method, 2

2
( )

2
x

   is the penalty term 

in the augmented Lagrange multiplier method, and   is the penalty factor. The augmented Lagrange 
function for RPCA decomposition is obtained: 

 
2

* 1 2
( , , , ) ,

2
L A E Y A E Y I A E I A E

             (28) 

where Y  is the Lagrangian weight matrix and   is the penalty factor. When the derivative of Eqs. 
(4-9) is zero, the corresponding matrix ,A E  is the desired low-rank and sparse matrix. In order to 
improve the computational efficiency of the algorithm, the proposed algorithm uses the inexact 
increasing-plant Lagrange multiplier method (IALM) to solve the optimization problem of the model. 

2.4.3. Image enhancement. In order to achieve the purpose of bright color separation, the proposed 
algorithm converts the input image to HSV color space. Since the HSV model describes the visual 
properties of the human eye, it is more suitable for describing the color characteristics of an image, 
and it has a greater advantage in dealing with the luminance information of low-light images [41]. 
There are three parameters in this model which are hue (H), saturation (S) and illumination (V). 

The hue represents the spectrum of the image, different colors have different spectra, in the model 
with the size of the angle that it ranges from [0 ,360 ]  , where 0  represents red, 180  represents 
cyan; saturation represents the degree of mixing of a certain color with white, the higher the saturation, 
the more vibrant the image color, the model with the distance from the center of the circle, which 
ranges from [0, 1], the greater the value indicates that the higher the degree of saturation; illuminance 
Indicates the brightness of a certain color, expressed in the model by the vertical distance from the 
apex of the cone to the plane, which ranges from [0, 1], the larger the value, the higher the image 
brightness. 
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3. Optimization of visual effects and messaging in visualization design 

3.1. Application of ACE optimization algorithm 

The optimized ACE algorithm not only has a good color correction effect, but also has a fast processing 
speed, which enables it to quickly complete the processing of images in the prevailing multi-core 
processing environment. Therefore, the optimized algorithm is applied to image processing to make it 
useful in quality improvement of images with color defects. 

3.1.1. Experimental ideas. The most basic application of color balancing is to correct the color of 
images with color shift, improper exposure, oversaturation or undersaturation. Therefore, the ACE 
optimization algorithm proposed in this paper is mainly used to achieve automatic correction of 
different images with color defects. Experiments are carried out by selecting different images for 
equalization and plotting their grayscale histograms in order to objectively observe the changes in the 
images.  

Gray scale histogram is a function that counts the distribution of gray levels of individual pixel points 
in an image, it counts the number of pixel points in which a certain gray level appears in the image and 
characterizes the frequency of occurrence of a certain gray level. Specifically, the horizontal coordinate 
of the histogram is a series of gray levels, and the vertical coordinate is the number or frequency of 
pixel points with a certain gray level in the image. The state of the histogram can reflect the nature of 
the image bright image overall gray level value is higher, so the distribution of its grayscale histogram 
tends to the side of high gray value, that is, concentrated on the right side of the histogram; low contrast 
image gray pixel value variation range is small, so its histogram is narrower and concentrated in the 
middle of the gray level; and brightness darker image most of the grayscale value is small, in the 
histogram is The darker images have smaller gray values, which is reflected in the histogram as the 
images are concentrated in the left side of the lower gray values. For images with good contrast, 
brightness and chromaticity, their histograms occupy all possible gray levels and are more evenly 
distributed. 

The effectiveness of the application of the algorithm in this paper is demonstrated by the 
equalization effect of experimentally selected images with different color defects. One example each 
of underexposed, overexposed, and off-color images are selected to specifically analyze the effect of 
ACE optimization algorithm on image equalization. 

3.1.2. Automatic Color Equalization of Images: 

1) Underexposed images. The underexposed face image is processed by ACE optimization algorithm, 
Fig. 4 and Fig. 5 show the original grayscale histogram and the grayscale histogram optimized by this 
paper's algorithm, respectively. 

The dynamic range of the original image is small, the pixel distribution is narrow and concentrated 
in the dark tone region of the gray scale histogram, and there are almost no pixels in the mid-tone and 
bright tone, so the image is very dark. After color equalization using the ACE algorithm proposed in 
this paper, not only the desired processing time is obtained, but also the pixel values are significantly 
expanded and the image saturation is enhanced and clearly visible. 
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Fig. 4. The exposure is not the original histogram 

 

Fig. 5. Optimized histogram 

2) Overexposed images. The sunlight image in overexposure case is processed by ACE optimization 
algorithm, Fig. 6 and Fig. 7 show the original grayscale histogram and the grayscale histogram 
optimized by this paper's algorithm, respectively. 

Since the original image is overexposed, the dynamic range of the original image is small, the pixels 
are concentrated in the bright tone region of the gray scale histogram, and there are almost no pixels 
in the dark tone, so the image is very bright with low contrast. After using the optimized ACE algorithm 
for aggressive color equalization, the processing time is fast and the equalized grayscale histogram 
extends to almost the entire range of the image grayscale allowable, with a more uniform distribution 
of grayscale values. The intuitive effect is that the image with increased contrast shows a better sense 
of brightness and visual effect. 

 

Fig. 6. The exposure is not the original histogram 
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Fig. 7. Optimized histogram 

3) Partial color image. Tableware images with the presence of off-color phenomenon are processed by 
the ACE optimization algorithm, and Fig. 8 and Fig. 9 show the original grayscale histogram and the 
grayscale histogram optimized by the algorithm of this paper, respectively. 

Since the intuitive visual effect of the original image is yellowish, the dynamic range of the image is 
small, the pixels are concentrated in the mid-tone region, and there are almost no pixels in the bright 
tone. With the optimized ACE algorithm in this paper, the grayscale histogram of the image is faster 
and the automatic color equalization extends the range of the image to more gray levels, and the color 
tone of the image is more natural. 

 

Fig. 8. The exposure is not the original histogram 

 

Fig. 9. Optimized histogram 
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3.2. Visual Effects Enhancement Analysis Based on Robust Principal Component Analysis 

3.2.1. Experimental data set. The experimental dataset is the UIEB public dataset. The dataset 
contains a large number of underwater images, which are mainly divided into two subsets 890 original 
underwater images and corresponding high quality reference images. 60 challenging underwater 
images. 

3.2.2. Experimental conϐiguration. The computer conϐiguration used for the experiments is as 
follows: Intel(R) Core(TM) i9-12700H @ 2.70 GHz CPU, 32 GB of RAM.NVIDIA Ge Frceo RTX 3060 
Laptop GPU, with a memory size of 6 Gi B. Windows 11, 64-bit operating system. Compiler is Python 
3.7. 

3.2.3. Quality evaluation measures. The underwater image quality evaluation indexes used in this 
paper are categorized into full reference image quality evaluation indexes and no reference image 
quality evaluation indexes. 

1) Full reference image quality evaluation index. Mean square error (MSE) is the absolute difference 
between two images by directly comparing each pixel position, so as to obtain the ϐinal total average 
difference. The smaller the MSE value, the more similar the two images. 

Peak Signal to Noise Ratio (PSNR) is a metric that represents the ratio of the maximum possible 
power of a signal to the power of the destructive noise that affects the accuracy of its representation. 
The larger the PSNR is, the less distortion there is and the better the quality of the resulting image. 

Structural similarity (SSIM) is a metric that measures the similarity between two images in terms 
of structure and texture.The larger the SSIM, the more similar the structure and texture of the 
enhanced image is to the reference image. 

2) Quality evaluation indexes for reference-free images. In this paper, the following four types of 
reference-free image quality evaluation indexes are adopted for assessment. 

(1) The reference-free image spatial quality evaluator (BRIS-QUE), the natural image quality 
evaluator (NIQE), and the perception-based image quality evaluator (PIQE), which can evaluate the 
image sharpness, noise, artifacts, and overall quality. The higher the score value, the lower the image 
quality. 

(2) Average Gradient (AG) can be used to measure the clarity of the fused image. The larger the AG 
value, the better the image clarity. (c) Spatial frequency (SF) reflects the rate of change of the gray scale 
of the image, the larger the SF value, the higher the image quality. Standard deviation (STD) is an 
objective evaluation index to measure the richness of image information, the larger the STD value, the 
more information the image carries, the better the image quality. 

(3) The Tenengrad function uses the Sobel operator to extract the gradient in the horizontal and 
vertical directions respectively, the larger the value of the Tenengrad gradient function, the sharper 
the edges of the image are, the Laplacian function replaces the Sobel operator by the Laplacian 
operator, the Variance function calculates the gray scale difference of an image to evaluate the 
sharpness of the focused image, the larger the value is, the better the image quality is, the more 
information the image carries. Entropy entropy function is an important index to measure the richness 
of image information, the larger the value of Ent, the richer the image. 

(4) Underwater Color Image Quality Evaluation (UCIQE) quantitatively evaluates the linear 
combination of chromaticity, saturation and contrast to quantify uneven color cast, blurring and low 
contrast, respectively. The higher the value of UCIQE, the better the image quality. Underwater Image 
Quality Metrics (UIQM) adopts Color Measurement Metrics (UICM), Sharpness Measurement Metrics 
(UISM) and Contrast Measurement Metrics (UICon M) as the basis of evaluation. The larger the value, 
the better the color balance, sharpness and contrast of the image. 
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3.2.4. Experimental results. Using the UIEB dataset, 11 state-of-the-art underwater image 
enhancement methods (UDCP, GC, CLAHE, IBLA, MSRCR, MIP, RGHS, SeaThru, UCM, WB, ULAP) and the 
algorithms designed in this paper were compared and analyzed. The experiment treats 890 high-
quality reference images in the dataset as underwater images with ground truth images for full 
reference image comparison evaluation, and the comparison results are shown in Table 1. ↑ indicates 
that the larger the value the better the effect, and ↓ indicates that the smaller the value the better the 
effect. 

From the results, it can be seen that the algorithm of this paper obtains the optimal performance in 
the full reference image quality evaluation. The mean square error of 0.6206 is the lowest among all 
models, and the PSNR and SSIM are 21.1444 and 0.8769, respectively, which are the highest among 
the models. 

Table 1. Results of full-reference image quality evaluation 

Method MSE/103↓ PSNR↑ SSIM↑ 

UDCP 3.0912 13.555 0.5863 

GC 2.6264 14.2597 0.6069 

CLAHE 0.6685 20.1031 0.8569 

IBLA 0.9687 19.5815 0.7564 

MSRCR 1.3588 17.1534 0.7151 

MIP 1.344 17.2348 0.7303 

RGHS 1.356 17.135 0.7009 

Sea Thru 2.15 17.1164 0.7492 

UCM 1.2394 17.536 0.7509 

WB 0.776 19.905 0.771 

ULAP 1.8657 15.774 0.6466 

This model 0.6206 21.1444 0.8769 

 
The quality assessment was performed using the reference-free image quality evaluation indexes 

described above. The results of the four types of evaluation metrics are shown in Tables 2 to 5, 
respectively. 

Table 2 shows the performance of BRISQUE, NIQE and PIQE metrics. The model in this paper is 
30.6074, 15.7277, and 21.256 on the three indicators, which is higher than all the rest of the models 
except the reference image. 

Table 2. Results of BRISQUE, NIQE and PIQE 

Method BRISQUE ↓ NIQE ↓ PIQE ↓ 

UDCP 37.0543 16.095 29.7153 

GC 36.044 17.2862 28.4154 

CLAHE 34.9093 17.8264 26.3633 

IBLA 36.8344 16.3781 29.374 

MSRCR 36.3949 16.0248 24.1252 

MIP 37.4042 16.8376 28.697 

RGHS 34.2869 16.7582 27.3631 

Sea Thru 36.6512 17.2278 28.6471 

UCM 33.9075 17.1412 25.7046 

WB 34.9741 16.9838 27.4175 

ULAP 35.6591 17.0825 28.3542 

Reference image 20.8135 16.6306 22.1625 
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This model 30.6074 15.7277 21.256 

 
Table 3 shows the performance of the indicators of mean gradient, spatial frequency and standard 

deviation. The scores of this paper's model on the three indicators are 8.7111, 18.7503, and 69.2616, 
respectively. 
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Table 3. Results of AG, SF and ST 

Method AG ↑ SF ↑ STD ↑ 

UDCP 3.6786 8.2314 33.5715 

GC 3.4876 7.3635 33.175 

CLAHE 6.2896 12.9801 46.5322 

IBLA 4.6306 10.7401 46.5449 

MSRCR 4.2511 9.1391 41.8419 

MIP 4.568 10.3459 45.7245 

RGHS 5.4162 11.8553 54.5663 

Sea Thru 5.2243 11.2944 57.4372 

UCM 6.1571 13.0871 54.3014 

WB 4.4744 8.5119 35.684 

ULAP 4.7873 10.4222 47.7118 

Reference image 8.3869 18.0501 67.3334 

This model 8.7111 18.7503 69.2616 

 
Table 4 shows the results of UCIQE and UIQM image quality evaluation. The algorithm in this paper 

is 0.4648 and 0.7577 on the two metrics, ranking first among all algorithms. 

Table 4. Results of UCIQE and UIQM 

Method UCIQE ↑ UIQM ↑ 

UDCP 0.4535 0.6672 

GC 0.3306 0.3887 

CLAHE 0.4057 0.6905 

IBLA 0.4725 0.565 

MSRCR 0.4433 0.6324 

MIP 0.4186 0.5898 

RGHS 0.468 0.7192 

Sea Thru 0.4642 0.7554 

UCM 0.4546 0.7045 

WB 0.4161 0.599 

ULAP 0.4473 0.6158 

Reference image 0.4429 0.738 

This model 0.4648 0.7577 
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Table 5. Results of Tenengrad, Laplacian, Variance and Entropy 

Method Tenengrad↑ Laplacian↑ Variance↑ 

UDCP 21.1577 163.3998 3.1975 

GC 16.9574 104.8825 3.1407 

CLAHE 30.1264 305.1734 5.8373 

IBLA 28.9241 214.4506 6.0471 

MSRCR 21.2557 147.757 4.74 

MIP 23.6525 236.2219 6.2322 

RGHS 27.4862 240.6346 6.7753 

Sea Thru 27.4285 143.3122 6.9764 

UCM 29.6436 344.6272 6.811 

WB 20.0272 180.699 3.5236 

ULAP 24.0579 206.8732 6.3686 

Reference image 37.6782 810.3772 7.7273 

This model 37.7853 655.742 7.9607 

 
From Table 2 to Table 5, it can be seen that the scores obtained by the EFUIE algorithm proposed in 

this paper are close to the scores of the reference image, especially in Tables 3 and 4, which are even 
higher than the scores of the reference image, which confirms the superiority of the algorithm in this 
paper even more. 

3.3. Analysis of the effectiveness of the message 

The algorithm designed in this paper is applied to generate suggestions for sensory elements and 
apply them in a way that unfolds with physical design. 

On the basis of visual process design based on perceptual engineering, a city tourism brochure is 
redesigned. Based on the skeleton of Zhongshan Bridge and Waterwheel Garden, which are famous 
attractions in Chengguan District, the brochure is designed to meet the needs of consumers. 

Produce a Questionnaire on Consumer Reading Information, which includes the degree of 
misinterpretation of information, the length of time spent searching for information, the medium of 
information dissemination, the ratio of text to images, the type of information, and the reading habits 
of consumers. Figure 10 shows the results of the survey. By analyzing the time consumers spend 
searching for information it was found that search time, i.e., search efficiency, is the main data for 
measuring the efficiency of information reading carried out by consumers. If the search time is shorter, 
it means the information access efficiency is higher, and vice versa. Through the questionnaire, it can 
be understood that there are many reasons that affect the efficient reading of information. For example, 
if the layout information meets the psychological needs of consumers, they will actively read and 
search for effective information; there is also the layout of the graphics, text layout, etc.; the same 
information conveyance medium also affects the acquisition of information, such as floating 
advertisements will affect the accuracy of consumers to read the information. 



3842 J. WANG 

 

 

Fig. 10. Consumer search information length scale 

In order to promote the efficiency of consumers' reading information, designers need to pay 
constant attention to consumers' perceptual information in the environment of information 
redundancy, and by analyzing and organizing it, so that designers what type of information and how 
to layout meet the needs of consumers. The correctness of the perception of the consumer's senses in 
visual communication design depends on the efficiency of retrieving mental representations in the 
consumer's memory, and it also has an important impact on the designer's interpretation of consumer 
cognition and behavior. Therefore, on the basis of understanding consumption, it is also necessary to 
popularize the relevant knowledge to improve the correctness of consumer cognition. Perceptual 
engineering makes a necessary addition to the field of studying visual communication design, which 
helps to communicate information efficiently and accurately in the future. 

4. Conclusion 

In this paper, based on the retina-cortex theory, we propose a visual effect-oriented automatic color 
equalization method, and further design an adaptive visual enhancement algorithm based on Robust 
Principal Component Analysis (RPCA), which is used to assist in optimizing the visual effect and 
information communication in visual design. The performance of the algorithm is examined on the 
dataset by applying full-reference and no-reference image quality evaluation metrics. It is found that 
for underexposed images, the color equalization performed by this paper's algorithm not only obtains 
the desired processing time, but also the pixel values are significantly expanded, and the image 
saturation is enhanced and clearly visible. In the full reference image quality evaluation, this paper's 
algorithm obtains the optimal performance, with the lowest mean square error of 0.6206 among all 
the models, and the PSNR and SSIM of 21.1444 and 0.8769, respectively, which are the highest among 
the models. The average gradient, spatial frequency, and standard deviation scores are 8.7111, 
18.7503, and 69.2616, leading the rest of the baseline models, and the algorithm meets the design 
expectations. 
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