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ABSTRACT. Aiming at the issues of weak correlation between image features and text
features and poor visual communication effect in current visual communication meth-
ods, this article researches the multimodal fusion visual communication method based on
Genetic Algorithm (GA). Firstly, the crossover rate and variation rate of the GA are im-
proved, and a linear function is adopted for adaptive adjustment, which effectively solves
the problems of early maturity. Secondly, TextCNN and BERT models are adopted to
extract textual features of visual information, and residual networks are used to extract
image features of visual information; then, the cross-modal attention mechanism is used
to realize inter-modal information interaction, and important information between tex-
tual modality and image modality is obtained; meanwhile, the self-attention mechanism
1s used to fuse the information within the modalities to suppress noise interference. Fi-
nally, the fused features are used as the input of Retinex visual communication method,
the original Gaussian function is replaced by the improved bilateral filter, and the spatial
distance difference scale factor is optimized by the improved GA to explore the hyper-
parameter space more comprehensively, to improve the efficiency and quality of Retinex
algorithm, and to realize the enhancement of visual information. The experimental out-
come indicates that the suggested method is better than the other two methods in terms
of discrete entropy, sharpness and contrast.

Keywords: Visual communication; Genetic algorithm; Multimodal fusion; Attention
mechanism; Retinex algorithm

1. Introduction. In the age of Internet, all kinds of visual media are conveying all kinds
of information to people. Visual communication, as an emerging discipline, summarizes
and researches the communication mode of visual language [1]. In the field of visual
communication, pictures are an important carrier of information transmission, and high-
quality pictures can transmit more complete and effective information and improve the
transmission effect. People rely more and more on visual information to get and under-
stand the content. The position of visual communication in information dissemination is
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becoming more and more prominent, and it is of great significance to improve the com-
munication effect and satisfy the users’ needs [2, 3]. However, in the process of generating
and transmitting pictures, the quality of pictures can be reduced due to various exter-
nal unfavorable factors. At this time, it is necessary to enhance the picture to ensure
the visual effect of the picture [4]. The traditional visual communication method lacks
the support of modern image processing technology, which leads to the blurring of the
enhanced images [5]. Therefore, designing an efficient visual communication method to
realize visual enhancement is a hot research topic at present.

1.1. Related work. Huang et al. [6] introduced the visual communication technique
to adjust the brightness of a local area to enhance the image, Venu and Anuradha [7]
used the visual communication technique to classify the image into spatial and temporal,
intrinsic and extrinsic, and abstract and concrete, and then extracted the image features,
and then projected the image features into a clustering matrix for enhancement. Hayat
and Imran [8] used the luminance mapping function to complete the enhancement process
by transforming the color space model and combining the exposure interpolation method
with the multiscale fusion strategy to improve the visual quality. Vijilin and Govindan
[9] proposed a visual optimization method based on the improved wavelet thresholding
function, but the efficiency of image processing is not high. Bai et al. [10] obtained the
initial grayscale image by solving the global mapping function, and then scale decompo-
sition, and combined with the contour wavelet transform to obtain the enhanced image.
Bhandari et al. [11] introduced the Gamma transform to process the details of the image,
and then fused the processed images to obtain the final enhanced image.

Kuang et al. [12] input the acquired low-frequency information into a convolutional
neural network and reconstructed the high-frequency information of the video image on
the basis of it, and realized the visual communication of the video image through the
enhanced visual effect, but the visual image was blurred. Yan et al. [13] introduced a
relative mean generative adversarial network reinforcement learning framework and used
the objective function in the actor-critic algorithm as a penalty strategy in the gradient
algorithm to improve the image enhancement ability of the model. Matin et al. [14]
firstly established a visual communication Retinex model, enhanced the brightness of
the image through adaptive normalization function; finally, combined with the Particle
Swarm Optimization (PSO) algorithm to highlight the details of the image, to achieve
the optimization of the visual communication effect. Pramanik [15] denoised the image
based on wavelet decomposition and used GA for optimization enhancement of visually
communicated image contrast, but the visual quality was poor.

With the popularization of informationization and digitization in the society, the visual
forms we face have also changed, and the most important change is that the dissemina-
tion of visual information has changed from unimodal to multimodal. Ji et al. [16] also
proposed a memory fusion network for the interaction of image modality and text modal-
ity, and mined the single-view features by using the LSTM, but there is a certain loss of
the detail information, which affects the visual effect. Lv et al. [17] augmented image
RGB features and text features with modal attention to aggregate branches to obtain the
aggregated features. Wu et al. [18] used BERT and attention mechanism to mine the
association between image modality and text modality. Wang et al. [19] introduced the
convolutional attention module to enhance the visual feature extraction, and finally the
Retinex algorithm was optimized by PSO for image enhancement.

1.2. Contribution. In view of the issues of insufficient multimodal feature fusion and
poor visual communication effect in the current visual communication methods, this ar-
ticle suggests a multimodal fusion visual communication method based on GA to obtain
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high-quality visual information and meet the visual requirements. Firstly, the single-point
crossover and mutation operators in the GA are improved to effectively increase the con-
vergence speed of the optimal solution. Secondly, TextCNN and BERT models are used
to extract text local features and text context features of the visual information, and
residual networks are used to extract image features of the visual information; then, the
attention mechanism is introduced into the multi-channel feature extraction and fusion
process to obtain the important information between text modality and image modality,
and the features are fused to suppress the noise interference. Finally, the fused features
are used as the input of Retinex visual communication method, and the improved GA
is used to iteratively search for the optimization of the spatial distance difference scale
factor, so as to improve the efficiency and quality of the Retinex algorithm and realize the
enhancement of visual information. Simulation results show that the proposed method
greatly improves the signal-to-noise ratio and average gradient value of graphic visual
information, and the visual communication effect is better.

2. Theoretical analysis.

2.1. Multimodal feature fusion. Multimodal feature fusion [20] refers to the fusion of
modal features at the modal level, where modal data are first extracted or constructed
by simple feature extraction, and then the original input features are converted into
higher-level joint features by an intermediate layer of the neural network. In fusion, after
extracting the features of different modalities, the features of different modalities can be
fused into a single hidden layer to train the network to learn the multimodal joint features.
This is implied in Figure 1.
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Figure 1. Multimodal feature fusion

The usual methods for feature fusion are Element-wise Addition, Concatenate, and
Element-wise Multiplication [21]. The multimodal decomposition higher-order pooling
method represents the multimodal data as a low-rank tensor that contains semantic in-
formation about each modality and the correlations between modalities. This low-rank
tensor is then dimensionalized using a higher-order pooling operation to obtain a compact



1074 J.-J. Cao, S.-M. Fang and H. Contreras

representation. Higher-order semantic correlations can be learned and model performance
can be improved using this approach.

2.2. Retinex algorithm. The Retinex algorithm belongs to the group of visual commu-
nication technologies [22], which performs visual enhancement based on the simulation
of the processes in the human retina and cerebral cortex, which can be represented as
bellow.

D(z,y) = E(z,y) x K(z,y) (1)

where D(z,y) is the image after brightness correction; K (x,y) is the light component

in the image; F(z,y) is the reflection image; and E(z,y) can reflect the image’s detail
information.

The core idea of the Retinex algorithm is to remove the influence of K(x,y) on the
visual effect of the image and retain E(x,y), which reflects the essential properties of
the image. The single-size Retinex algorithm analyzes the lighting component K (x,y) by
means of a Gaussian function to eliminate the effect of K(x,y) on the real-world image
to enhance the image, as described below.

E(z,y) =InD(x,y) — In[pu(z, y) * D(z,y)] (2)
where the convolution operation is described by *; the Gaussian kernel function is
described by p(z,y) and is expressed as bellow.

p(z,y) = € x e~ @HV/E (3)

where the normalization factor is described by &; the Gaussian wrap-around scale is
described by 6; and e represents the exponential function.

In the Retinex algorithm, the value of 6 is crucial, which is directly related to the visual
enhancement effect of the image [23]. Only when the value of 6 is appropriate, can the
enhanced image maintain a balance between dynamic range compression and contrast,
and achieve the ideal image enhancement effect. In order to make the value of 6§ more
reasonable, this article will utilize GA to select the value of 6 adaptively.

3. Optimization of genetic algorithm. In traditional GA, the genetic operators use
constant crossover probabilities and mutation probabilities, which are prone to the prob-
lem of ”early maturation”, leading to the final result falling into local optimization [24].
In addition, the selection, crossover and mutation operations in the GA, respectively,
determine the offspring individuals under a certain probability, which may lead to the
optimal individuals in the population being ”screened out” as the evolutionary process
proceeds, so that the optimal values in the contemporary population cannot be inherited
to the next generation, thus affecting the convergence of the algorithm to the optimal
solution.

Intending to the above issues, this article firstly improves the crossover rate and varia-
tion rate, the crossover probability and variation probability can be changed at the right
time, and a linear function is adopted for adaptive change adjustment, which effectively
solves the issues of early maturity. The formulas of crossover rate and variation rate are
implied in Equation (4) and Equation (5).

{Cl _ (c1—c2)(f' = favg) f/ Z favg

PC — fmax_favg (4)

c1 other
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fmaz—favg (5)

where ¢; and ¢y are the maximum and minimum values of crossover rate; m; and mo
are the maximum and minimum values of mutation rate; f,,q,; and fq,y are the maximum
fitness of the individuals in the population and the average fitness of all individuals,
respectively; f is the fitness of the individual that is about to be mutated in the population;
f' is the larger fitness of the two individuals during the crossover operation.

Intuitively, the above formula adjusts the mutation rate and crossover rate linearly,
instead of fixing them. When the fitness of an individual calculated from the fitness
function is lower than the average fitness, it means that the solution represented by that
individual is less effective, and then, according to the idea of genetic algorithms, it is
evolved to be larger, i.e., the crossover rate and the mutation rate are larger. If the fitness
of individuals in the population is high, then linear adjustment is performed.

Then for the issue of slow convergence, this paper adopts the following GA improvement
strategy.

(1) Before GA in the I-th generation of the parent population, calculate the fitness
function Fjy, F2, ..., F% corresponding to ¢ individuals z}, 27, ..., 2] (¢ is the population
size), and select the top m best individuals A,, in the parent population.

. my — (m1—m2)(f—favg) f> favg
" my other

Ayp = (xfl,xf, ...,[E;m) (6)

(11,02, «vy Tm) :maX{Fg}l,FQfl,...,Fﬂ (7)

where 1, ig, ..., i,, is the m best individual index markers before evolution.

Secondly, according to the evolutionary process of GA, the parent population z}, 27, ..., z}
evolved to the offspring population v}, v7, ..., y}.

Then, the fitness function value FZ}Z, F;l, e F;l is calculated for ¢ offspring individuals
Y}y, ..., yi. In the Ith generation of the offspring population, the n worst individuals A,
of the offspring population are selected.

Aoy = (yflvy;2> s yljm) (8)

(J1, J2s oo jm) = min {Fy, oy, . F} (9)
where 71, 2, ..., Jm is the m worst individual index markers in the offspring population.
Finally, in the offspring population individual y},y7, ..., 4, Ay is replaced by A,, to

obtain the parent population individual z; ,, 7 ;, ..., ], in the next generation.

4. Research on multimodal fusion visual communication method based on GA.

4.1. Feature extraction of visual information. Focusing on the issues of poor im-
age quality and missing text information in current visual communication methods, this
paper designs a multi-modal fusion visual communication method based on GA. Firstly,
TextCNN and BERT models are used to extract text local features and text context
features respectively, and residual networks are used to extract image features; secondly,
a cross-modal attention mechanism is introduced to realize the information interaction
between graphic and text modalities. Through this cross-modal attention mechanism,
the important information between text modality and image modality can be obtained
from each other, and at the same time, the information fusion is carried out within the
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modality by using the self-attention mechanism to inhibit the noise interference and re-
duce the information redundancy. Finally, the GA-optimized Retinex algorithm is used to
enhance the graphic and textual visual information to achieve the optimization of visual
communication effect. The overall model is shown in Figure 2.

Cross modal Multimodal feature
interaction fusion

Feature extraction GA optimization of Retinex algorithm for visual information enhancement
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Figure 2. GA optimized Retinex algorithm for visual information enhancement
models

Existing visual information visible to our naked eyes includes images and text, in this
paper, this article firstly performs feature extraction for image modality and text modality
in visual information.

Given a graphic pair (1,.5), for text modal, and the text consists of m words, the text
description is denoted as S = {s1,S2,..., S, }. The text context features are extracted
using BERT [25] to obtain the word embedding representation of the text, as implied
below.

E ={ey,e9,....,m} = BERT(S) (10)

Secondly, the obtained word embedding representation is inputted into the coding layer
for training, and finally the contextual feature representation of the text is obtained, as
shown in Equation (11).

S* = BERT ({e1, €3, ...,en}) (11)

To fully capture the visual text features, TextCNN is used to extract the local features
of the text. Firstly, the word embedding technique is used to represent each word as
a d-dimensional word vector s¥ € R? in which the text after word embedding is S; =
{sY,s5,....;s0,}. Then, TextCNN [26] is adopted to extract the local features of the text,

as implied bellow.

S =TextCNN ({s}, S5, ..., S, }) (12)

For the image modality, the pre-trained ResNet is used for image feature extraction,
and the obtained image features are represented as indicated in Equation (13).

I" = ResNet(I) (13)

where It € Rwidth=height<fm 4idth represents the width of the image, height represents
the height of the image, and fm represents the number of feature maps. The values of
width, height and fm are different for different output layers of ResNet.
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4.2. Feature fusion for multimodal visual information. Firstly, the cross-modal
attention mechanism is used to make text and image features guide each other and capture
the inter-modal correlation, so as to realize the information interaction between different
modalities. When there are two modal features a and 3, denoted as X, € R%**% and
X € RS> the query vector is denoted as Q, = X,Vo,, the key vector is denoted
as Kg = X3V, the value vector is denoted as Wy = XV, and V is the trainable
parameter matrix. The a-guided f-modal features are denoted as bellow.

CAnsp (Xa, Xp) = softmax Qulty (14)
Vg
X Vo, VE Xg
Ws = t — = 5 P )XW 15
3 =sof max( Vi BYwy (15)

Input image features as Query, text context features as Key and Value into cross-modal
attention network to get image-guided text context features Z SI; . Input image features as
Query, text local features as Key and Value into cross-modal attention network to get
image-guided text local features ZSI;. Similarly, get image features Zf; guided by text
context features and image features 2 }qtq guided by text local features.

Then the four groups of cross-modal interaction features are spliced two by two to obtain
the image-text association feature Zg, text-image association feature Zj, respectively, as
implied below.

Zs = Concat [zg, qu] (16)

Zr = Concat [Z}qt, Z}qq} (17)

Feature fusion is performed by self-attention mechanism to obtain the internal correla-
tion of image and text association features. Zg and Z; are spliced to get Z’, and input
into Equation (18) to get Equation (19).

Self — Attention(Q, K, V) = soft max (QKT> 1% (18)
Vi
Z = sel f — Attention(Z') (19)

where Z is the final fused total characteristic of the modes.

4.3. Visual information enhancement based on GA optimized Retinex algo-
rithm. In this article, (7,5, Z ) is used as the input for the visual information enhance-
ment of Retinex algorithm, and the Gaussian function is used to process the image, which
will cause the enhanced image to have the problem of unclear edges and lack of local infor-
mation. Therefore, a modified bilateral filter [27] is used to replace the original Gaussian
function, and the visual information enhancement is realized by reconstructing the ob-
tained image. The bilateral filter contains two functions, which can be described by the
following equation.

Pl = Susmea, ., 9L, S 2)g:(1,8, 2)I(1, 8, Z) "
D (1,8.2)e, 5, 941, S, Z)g: (1, S, Z)

~

wa(l,8,2) = exp[-2716,%[(i = 1)* + (j = §)* + (k = 2)7] (21)
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w,(1,8,2) = exp{=2716,2[f (i, j.k) — f(I, 5, Z)*} (22)

where the input graphic of the bilateral filter is J(/, S, Z), and its output is f'(i, j, k).
The spatial domain kernel function is denoted by g¢4(1, S, Z), and the spatial distance
scale factor is 0. For the graphic J(I, S, Z), the center of mass (i, j, k) is the set of graphic
data contained in the region, denoted by €2,; ;. The filtering step is p, whose value is
directly proportional to the filtering interval, and when it takes a larger value, it means
that the difficulty of the operation is also higher.

The value of parameter  has a direct impact on the processing effect of the bilateral
filter, so this paper utilizes the improved GA to find the optimal value of §. The steps in
detail are as bellow.

(1) Chromosome coding and population initialization. Chromosomes are coded by real
number coding, the length of chromosome coding is the number of hyperparameters, and
the initial value of chromosome is set to be equal to the random point in the search space
of hyperparameters. Each set of hyperparameters (1, xs, ..., ,,) is configured as follows:

minBd; < x; < marBd;;z; € Ryi=1,2,...,m (23)

where x; is the i-th hyperparameter; minBd; and maxBd; are the upper and lower
bounds of the i-th hyperparameter z;.

(2) Adaptation function configuration. When constraining and optimizing the spatial
distance difference scale factor of the bilateral filter, the parameter fitness function is
constructed in the way of the minimum error time integration objective, so that the
application of optimized parameters can have good dynamic process performance. The
way for calculating the spatial distance difference scale factor of the optimized system is
as follows:

§ = ore(x) — A(x) (24)

where ¢ is the parameter optimized by the GA; o0, is the output of the bilateral filter;
and A is the control energy.

To avoid the phenomenon of parameter overshooting, the optimized parameters are
trained and the optimized parameter ¢ fitness function f = 1/ is constructed.

(3) Crossover and mutation operations in GA are the key to maintain good status and
diversity of the population. The crossover operation formula for chromosome i, X;, and
chromosome j, Y}, at position k after the improvement of GA is as bellow.

If the k-th gene X;, k of the i-th chromosome is selected for the mutation operation,
the mutation operator is as bellow.

X., — Xi,k =+ (Xmaz - Xz,k)(l - t/Tmam)a > 0.5 )
vk = { Xik + (Xoin — Xin) (1 —t/Tnae), 7<0.5 (25)
k ;

where X,,.. and X,,;, are the upper and lower limits of gene X, respectively; r is a
random number in [0, 1], which determines the direction of chromosome variation; ¢ is the
current number of iterations; and 7,,,; is the maximum number of evolutions.

(4) Parametric chaotic optimization. Collect the sampling data of the filter, and ac-
cording to the sampling data and sampling frequency, carry out the parameter § chaotic
optimization, and the function expression of this process is as bellow.

Ut) = k {f + % + /e(t)dt} (26)
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where U is the parametric chaotic optimization; k is the sampled data, e(t) = (0 +
A(t))/o1.

To ensure that the sampled data can play the expected effect and optimal role in
parameter chaotic optimization, it is necessary to optimize the sampled data with the
following equation.

kE=n(l—k) (27)

where 7 is the optimization of sampling data; k; is the sampling data at different points

in time. Substituting the sampling data calculated in Equation (27) into Equation (26),
the optimal values of the parameters can be output.

5. Performance testing and analysis.

5.1. Quantitative analysis of visual communication effects. To estimate the ef-
fectiveness of the proposed multimodal fusion visual communication method based on
genetic algorithm, 13688 visual information containing graphic data are selected from the
multiview multi-source dataset [28], and compared with the WTGA method in the liter-
ature [15] and the MSTA method in the literature [19]. The dataset is divided into the
training set, testing set and validation set according to 5:3:2. The experimental environ-
ment is: Windows 10 system, Intel(R) Core(TM) i3-2120 CPU with 2.30GHz, 4.00GByte
of RAM, and Matlab software version 2015a for experimental image processing.

In this article, the contrast CR, discrete entropy HP, and clarity QV [29] are used
comprehensively to compare the visual communication effects of the three methods in the
experiments. The experimental results are shown in Table 1, and the proposed method is
better than WTGA and MSTA in terms of visual discrete entropy, clarity, and contrast.
Although the WTGA method utilizes wavelet decomposition to denoise the image, it does
not consider the multimodal features of vision, which leads to its worst visual commu-
nication effect. And although MSTA considers the multimodal visual information of the
graphic in the feature extraction, it does not optimize the traditional genetic algorithm
and does not search for the optimization of the relevant parameters of the visual com-
munication technology, which results in its visual communication effect being worse than
that of ours method. The CR, HP, and QV of ours method are 7.91, 14.38, and 3.49,
respectively, which are enhanced by 2.21, 10.08, and 2.74 compared to WTGA, and 0.56,
3.41, and 1.35 compared to MSTA. From the experimental values, WTGA, MSTA and
ours algorithms all enhance the original graphical visual information to different degrees,
but the ours method is comprehensively better than the other two methods in terms of
discrete entropy, clarity, and contrast indicators.

Table 1. Time-consuming test results for visual information enhancement

Method CR HP QV
WTGA 57 43 0.75
MSTA 7.35 10.97 2.14
ours 791 14.38 3.49

Based on the above experimental results, the time consumption of the above three
methods in visual information enhancement is tested, and the test results are implied
in Table 2. The analysis of Table 2 shows that the more edge information there is in
the graphic, the longer the optimization time is needed to convey the visual information.
Among them, ours method can control the optimization time within 50 seconds, which is
lower than that of WTGA and MSTA, when the number of samples is increasing and the
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edge information is getting more and more, which further proves that ours method has
a higher processing efficiency when enhancing the communication effect of graphic visual
information.

Table 2. Time-consuming test results of for visual information enhancement

The number of samples WTGA MSTA ours

10 25 13 7
20 31 20 15
30 46 32 24
40 64 47 36
50 88 62 45

5.2. Comparison of signal-to-noise ratio and mean gradient for visual com-
munication methods. Taking the signal-to-noise ratio as an index, we use ours method,
WTGA method and MSTA method to carry out the visual communication test and com-
pare the signal-to-noise ratios of video images of different methods, and the test results
are as follows. Analyzing Figure 3, it can be seen that the SNR of visual information of
ours method is higher than that of WTGA and MSTA, which indicates that the larger
the SNR is, the better the quality of the image is. WTGA utilizes wavelet decomposi-
tion for denoising, but the visual information is redundant, and it is easy to lose a large
amount of detail information; MSTA has better denoising effect than WTGA, but the
overall clarity of the visual information of the image and text is lower; ours method uti-
lizes self-attention mechanism for information fusion within modalities, and suppresses
noise interference, and the overall denoising effect is more natural.
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Figure 3. Signal-to-noise ratio test results of the three methods

A comparison of the average gradient of different methods over time is shown in Figure
4. As can be seen from the comparison test results in Figure 4, the ours method not only
has much higher index values than the comparison methods, but also has a shorter opti-
mization time than the WTGA and MSTA methods, and it only takes less than 50 seconds
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to complete the gradient optimization of the parameters. The experimental conclusions
obtained show that the ours method uses BERT and TextCNN to extract the graphic
and textual features of visual information, and uses the attention mechanism for feature
fusion, which reduces the redundancy of information and the difficulty of optimization. In
addition, the optimization of the important parameters of Retinex algorithm by using the
improved GA significantly increases the average gradient value of the graphic and textual
visual, which leads to better visual communication effect and faster processing rate.

19 L |- - - -ours

17

15 4

Average gradient
N\
\

5 ! ! ! ! ! ! ! ! !
0 5 10 15 20 25 30 35 40 45 50

Time/s

Figure 4. Comparison of the average gradient of the three methods

6. Conclusion. In view of the issues of insufficient multimodal feature fusion and poor
visual communication effect in current visual communication methods, this article sug-
gests a multimodal fusion visual communication method based on GA. Firstly, the GA
is optimized, and a linear function is used for adaptive adjustment, which effectively im-
proves the convergence speed of the optimal solution. Secondly, TextCNN and BERT
models are used to extract text local features and text context features of visual informa-
tion, and residual networks are used to extract image features of visual information; then,
cross-modal attention mechanism is used to realize the inter-modal information interac-
tion, and to obtain the important information between text modality and image modality.
At the same time, the self-attention mechanism is utilized to fuse the information within
modalities to reduce the information redundancy. Finally, the fused features are used as
inputs to the Retinex visual communication method, and the improved GA is used to
iteratively search for the optimization of the spatial distance difference scale factor, so
as to improve the efficiency and quality of the Retinex algorithm, and to realize the en-
hancement of visual information. The experimental outcome indicates that the designed
method improves the discrete entropy, clarity and contrast of visual information, and the
processing time is shorter, so it has good practicability and real-time performance.
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