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Abstract. Existing visual communication design approaches are accompanied by noise
and distortion, with blurred image detail information. To address these problems, this ar-
ticle suggests a visual communication design approach relied on wavelet transform (WT)
and deep learning. The wavelet VisuShrink threshold and soft threshold function of WT
are first improved, and the image is denoised using the improved WT, which has good
structure preservation in the process of image multilayer wavelet decomposition and re-
construction denoising, and retains the image texture details while removing the noise
effectively. Then a multistage null CNN is introduced to capture the deep characteristics
of the denoised picture. Through the hybrid attention module (HAM), the attention map
is generated from both channel and spatial dimensions, OWT is introduced into HAM
to reduce the information loss of the spatial information compression function, and the
model autonomously learns the donation of every characteristic channel to the comple-
tion of the visual communication task, and gives more attention to the ones with large
contribution, so optimizing the visual communication impact. Experimental outcome on
the publicly available dataset MIT-Adobe5K indicates that the peak signal-to-noise ratio
(PSNR) and structural similarity (SSIM) of the offered approach are 24.2dB and 0.9461,
respectively, which can remove the noise and also enhance the image details well, and
the enhanced image is more in line with the human eye’s visual effect.
Keywords: Visual communication; Wavelet transform; Deep learning; Null CNN; Hy-
brid attention mechanism.

1. Introduction. Vision is the chief way for human beings to acquire information, and
among the information acquired visually, image carriers occupy a high proportion [1].
Compared with text, voice and other carriers, images are more intuitive and carry more
information, so they are widely used in daily information exchange [2]. However, in
many real-life scenarios, the captured images are featured by low brightness, low contrast,
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narrow gray scale range, and are accompanied by noise, distortion and other phenomena,
which affect the subjective visual impact of the human eye and intuitively obtaining
information from the images, and to a certain extent, affect the accurate and timely
delivery of information, so it is essential to enhance the images [3]. Visual communication
refers to the communication of relevant content through visual media [4], the technology
can show the design sense of graphics and rich information, due to the continuous growth
of digital technique, the visual communication technology has been greatly challenged, so
it is essential to visually improve the picture for the goal of strengthening the effect of
visual communication.

1.1. Related work. To enhance the visual communication, Ulutas and Ustubioglu [5]
used Adaptive Histogram Equalization (AHE) algorithm for optimization of visual com-
munication, the enhanced image edges and texture details are better preserved and
strengthened, but the image has more noise. To overcome the problem that the AHE al-
gorithm can over-enhance the noise, Paul [6] suggested a contrast-limited AHE (CLAHE)
algorithm, which crops and redistributes the portion of the histogram that exceeds a
threshold to other gray levels, which enhances the contrast and reduces the noise genera-
tion at the same time. Yamakawa and Sugita [7] offered an improved picture enhancement
approach relied on the Retinex approach, but it is not effective in enhancing the contours
and details of the objects in the image. Subramani and Veluchamy [8] achieved good
results in image enhancement by using improved color correction, adaptive lookup table,
and fast localized Laplacian filter. The enhancement results are good.

Compared to the traditional visual communication enhancement methods mentioned
above, the wavelet transform (WT) adopts a set of wavelet basic functions to represent
or approximate the signal, which not only improves the clarity and contrast of the image,
but also effectively controls the noise and makes the image contours more visible. Ren et
al. [9] processed the wavelet coefficients using multiscale nonlinear high pass filtering for
image enhancement. Muthukrishnan et al. [10] designed a picture improvement approach
using WT relied on the inflection operation and gamma correction, which applies the
inverse WT to gain an optimized picture. Laksmi et al. [11] proposed to convert the
RGB of the image to HSV channel and at the same time do discrete wavelet transform
of the luminance channel to isolate frequency subbands, and also use fuzzy transform to
achieve the improvement and denoising of the detailed information.

However, WT-based visual communication improvement methods require extensive
computation and manual intervention for the selection of transformation parameters, it is
the breathtaking performance of deep learning that has revolutionized visual communica-
tion [12, 13]. Compared to traditional methods, Deep Learning (DL) has the advantage of
higher accuracy, better robustness and faster speed. Ni et al. [14] designed a GAN based
image enhancement structure which utilizes the powerful ability of GAN networks to pro-
duce pictures from real data distributions and the outcome proved its efficiency. Wan et
al. [15] utilized the advantages of GAN and UNET and proposed the “Enlighten GAN”
network to obtain excellent image results using unpaired images for training. GAN-based
visual enhancement methods are inadequate for feature extraction, while convolutional
neural networks (CNN) show more power in feature representation and nonlinear map-
ping [16]. Kuang et al. [17] suggested a CNN-based image enhancement method and
added an attention mechanism to the network framework for acquiring richer features,
which improves the visual effect while recovering the color cast and blurriness of the
image. Singh and Parihar [18] designed a null convolution-based top-bottom attention
model, which utilizes convolution kernels with different null rates to capture both local
and global semantic information of a picture, and enhances the visual effect of the image.
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1.2. Contribution. To summarize, existing visual communication studies have noisy
images and unclear detail information, resulting in poor visual communication. Therefore,
to cope with the above issues, this article suggests a visual communication design method
based on wavelet transform and deep learning. The innovative work of the method is
reflected in the following aspects.

(1) An improved WT algorithm (OWT) is offered, based on VisuShrink thresholding
to improve the thresholding, which can better separate the noise and improve the
denoising effect during wavelet processing; in addition, the algorithm is improved
based on the soft thresholding function, which overcomes the disadvantage of the
transition of the soft thresholding function that is not smooth and makes the denoised
image more natural.

(2) A multilevel null CNN is proposed to extract image features. The structure expands
the receptive field through multi-level cavity convolution and utilizes a large range
of semantic information to guide the recovery of dark regions of the image. A hybrid
attention module (HAM) is introduced to generate an attention map from both
channel and spatial dimensions to ensure that the enhanced image is structurally
complete and texturally clear.

(3) Replace the average pooling and maximum pooling in HAM with OWT to reduce the
information loss of the spatial information compression function, and autonomously
learn the contribution of every characteristic channel to accomplish the enhancement
task, giving more attention to the features with high contribution and ignoring the
redundant or low contribution features, so as to enhance the visual communication
effect.

(4) Simulation experiments were carried out on the open data set MIT-Adobe5K, and the
outcome implied that the peak signal-to-noise ratio (PSNR) and structural similarity
(SSIM) of the proposed model increased by 4.08% to 25.69% compared with other
models, which not only has a strong image denoising ability, but also can effectively
enhance the clarity of images. It has good application prospect in the task of visual
communication design.

2. Theoretical analysis.

2.1. Wavelet transforms. WT is a mathematical way for digital image processing that
can process images in the time-frequency domain and can achieve high compression ratios
while retaining the important visual features of the image [19], as shown in Figure 1. WT
provides a frequency-domain transform that can be varied in scale and shifted on the time
axis. The wavelet function is defined as follows.

WT (α, τ) =
1√
α

∫ +∞

−∞
f(t)ψ∗

(
t− τ

α

)
dt (1)

Figure 1. Schematic diagram of wavelet transform

where f(t) is the analyzed signal, ψ(t) is the wavelet mother function, ψ∗(t) is the
conjugate complex of ψ(t), α is the scale function, and τ is the translation distance
controlling the translation of the wavelet function.

WT uses a set of basis functions, and different wavelet basis functions represent dif-
ferent transformation results. Common wavelet bases are haar, db, sym, bior, etc [20],
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these wavelet bases are localized and multi-scale in nature, which can decompose and re-
construct the signal at different times and frequencies to preserve the temporal or spatial
information [20, 21]. The wavelet basic function is defined as follows.

ψa,b(t) =
1√
a
ψ

(
t− b

a

)
(2)

where a, b ∈ R.
In visual communication, WT is commonly used for image compression and denoising.

The fundamental idea of compression is to decrease the amount of data in an image
by removing high-frequency wavelet coefficients, thus realizing picture compression. The
fundamental idea of denoising is to disintegrate the picture into wavelet coefficients of
different scales, and reduce the effect of noise by removing the high-frequency wavelet
coefficients, thus realizing the denoising of the image. In this paper, WT will be utilized
for denoising and compression of images to enhance the visual communication.

2.2. Convolutional neural network. CNN is a ordinary DL model, compared with
other neural networks, its advantage is to reduce the amount of weights can make the
network simple to improve, and at the same time decreases the model complexity and
reduces the hazard of overfitting. CNN mainly includes convolutional level, pooling level,
and full connectivity level [22].

(1) A convolutional level usually consists of several convolutional kernels. The number
of convolution kernels reflects the amount of channels of the characteristic picture
generated by the convolution layer. When there are multiple convolutional levels
and multiple convolutional operations, the formula for calculating the input size and
output size of an image after a convolutional level is as follows.

Out = (Input+ 2× Padding − kernel − (kernel − 1) ∗ (d− 1))/stride+ 1 (3)

where Input is the length or width of the input characteristic map, Padding is the
input padding width of the current convolutional level, kernel is the size used, d is
the void factor of the convolutional level with a default value of 1, stride is the step
size of the convolutional kernel, and Out is the size of the final output characteristic
map.

(2) The pooling level can count an area in the characteristic map, extract the feature
values that best represent the area, and abstract the area using a single result. The
process of average pooling and max pooling is indicated in Figure 2.
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(3) The fully connected level calculates the score of each class based on the extracted
characteristic values and maps the “distributed feature representation” of the feature
space to the sample labeling space. Since the fully connected level is computationally
expensive, the global pooling level and the average pooling level have been added to
efficiently reduce the parameters in the network.

3. Image denoising based on optimized wavelet transforms.

3.1. Wavelet transform optimization based on optimized VisuShrink thresh-
olding and soft thresholding functions. A picture denoising approach relied on op-
timized wavelet transform (OWT) is proposed for the phenomenon that visual images
are often accompanied by noise. The algorithm improves the wavelet VisuShrink thresh-
old and soft threshold function. The WT algorithm with both improvements applied
simultaneously can fruitfully remove the noise while preserving the texture details of the
image.
In the process of WT image denoising, the selection of threshold is an important part.

The improved VisuShrink threshold with the introduction of adaptive parameters has
good structure preservation in the process of image multilayer wavelet decomposition
reconstruction and denoising; the improved soft threshold function with the addition
of the transition of the smoothing function is smoother in the part of the low wavelet
coefficients and is able to eliminate the effect of the intermittent points.

(1) VisuShrink threshold improvement. As the VisuShrink threshold, which is
widely used and has strong correlation with images, has been improved and used
by many scholars [23], so in this paper, the VisuShrink threshold is selected for
improvement. Unimproved VisuShrink thresholding tends to yield large thresholds
when the image is large, which tends to corrupt the image information. The improved
VisuShrink thresholds in this chapter retain the scale weights of the VisuShrink
thresholds and increase the importance of the standard deviation estimates, while
overcoming the disadvantages of over-processing of the VisuShrink thresholds and the
lack of adaptivity of the fixed scale thresholds. The improved VisuShrink threshold
is shown below:

λ =
σ2
√
2 lnN

MAX
(4)

where σ is the standard deviation of the noise, N is the amount of signals or pixels
in the picture and MAX is the maximum value of the wavelet coefficients.

(2) Threshold function improvement. The commonly used thresholding functions
in WT denoising are soft thresholding function, hard thresholding function and gar-
rote thresholding operation [24]. The denoising effect of soft threshold operation is
often better, for the noise image constant deviation can be more effective in sup-
pressing the noise while maintaining the loss of information in a certain controllable
range, so this paper chooses soft threshold function as the basis for improvement.
To overcome the disadvantage of soft threshold function in processing wavelet coef-
ficients near the threshold point which are not smooth, a smooth curve is used to
replace the processing at the end of low wavelet coefficients, and the characteristics
of soft threshold function are retained at larger wavelet coefficients. This is implied
below:

ŵi,j =

{
sgn(wi,j)(|wi,j| − λ), |wi,j| ≥ 2λ

sgn(wi,j)
w2

i,j

4
, |wi,j| < 2λ

(5)
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3.2. Visual image denoising based on optimized wavelet transforms. After im-
proving the VisuShrink threshold and soft threshold function of WT, the visual images
are denoised using OWT. Assuming that the image pixel is x(i, j), which is regarded as
the extreme value of the approximation pixel, each level of the approximation pixel is
smoothed by the low-pass filtering function φ(x). When there are many small textures in
the high-frequency component, the WT can also decompose the high-frequency informa-
tion arbitrarily, and the decomposition expression of the WT subspace Vj is as follows, in
which j is a constant term:

Vj = U2
j−1 ⊕ U3

j−1

. . .

Vj = U2k

j−k ⊕ U2k+1
j−k ⊕ · · · ⊕ U2k+1−1

j−k

. . .

Vj = U2j

0 ⊕ U2j+1
0 ⊕ · · · ⊕ U2j+1−1

0

(6)

Suppose γj is the scale subspace, where, WT package ψj,k,n(t) is as follows:{
ψJ,K,N ′(t) = 2−

J
2ψn(2

−Jt− k)

ψn(t) = 2−
J
2ψu2l+m(2

lt)
(7)

where J is the scale parameter, K is the position parameter, N ′ is the frequency
parameter, and u is the parameter required for OWT.
Due to the existence of frequency parameters in the wavelet packet, the disadvantage

of low resolution in the process of wavelet resolution is solved. The image denoising based
on the improved VisuShrink threshold is to collect signals through the wavelet packet.
When the absolute value of the wavelet packet coefficient is less than the threshold value
λ, the wavelet packet coefficient is noise; otherwise. Finally, thresholds are set for high
and low frequencies respectively to obtain an excellent de-noised image X.

4. Visual communication enhancement based on wavelet transform and deep
learning.

4.1. Null CNN-based visual image feature extraction. After wavelet denoising the
image, to solve the problems such as blurring of picture detail data in the existing visual
communication design methods, firstly, a multilevel null CNN is designed to capture the
depth characteristics of the picture, and then the HAM is used to generate the attention
picture from the channel and spatial dimensions, and OWT is introduced into the HAM
to reduce the information loss of the spatial information compression function, and the
model autonomously learns that each feature channel contributes to the completion of
the visual communication task and ignores redundant or less contributing features to
optimize the visual communication effect. The model structure of the designed approach
is indicated in Figure 3.
CNN can effectively mine image features by stacking multiple convolutional layers.

However, this approach needs a large amount of training data to prevent overfitting during
training. To address this problem, Wiatowski and Bölcskei [25] utilized cavity convolution
to obtain a large range of feature information in the input feature map, which improves the
adaptability of convolutional neural networks. Based on this, in this paper, a multilayer
self-conducting cavity dense structure is designed to capture the global features in the
picture, as implied in Figure 4.

A hollow convolution with a large void coefficient is used to guide a hollow convolution
with a small void coefficient from the bottom up. This allows the normal convolution to
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have a larger sensory field and accurately extract the global information in the image.
Specifically, the structure utilizes multilayer null convolution to obtain feature informa-
tion with different receptive field sizes from the input feature map. Its corresponding
expression is as follows:

yr = Convr(X) (8)

where r = 1, 2, . . . , 2L−1, X is the visual image processed by WT denoising, y is the
output feature map, Convr is the null convolution with null coefficient r, and L is the num-
ber of layer levels of the multilevel self-guided null dense block. This structure performs
guided learning between two neighboring layers, using the layer with larger sensory field to
guide the layer with smaller sensory field for image feature extraction. The corresponding
expression is as follows:

lr =


yr, r = 2L−1

Convr(cat[yr, yr/2]), r = 2, . . . , 2L−2

Conv1(cat[y1, X]), r = 1

(9)

where lr is the final output of each level, cat is the splicing operation of the feature
map, three null convolutions with different null coefficients extract the image information
and then fused on the main line branch to get the final feature map as Z.

Z = Concat(l1, l2, . . . , lr) (10)

4.2. Visual image enhancement based on hybrid attention mechanism. After
obtaining the fused feature maps, this paper utilizes the hybrid attention mechanism to
modify the weights of the feature maps at various levels. To be able to highlight the
global and local characteristics of the feature map, this paper uses a hybrid attention
module (HAM) combining global consistent channel attention (GCCA) and local topo-
logical spatial attention (LTSA) to focus on the detail information of the visual image.
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HAM consists of a global consistent channel attention branch and a local topological space
attention branch, which are described below.

(1) Consistent channeled attention across the board. Assuming that Z has l feature
maps of size H ×W , and l is the number of channels input to Z. Unlike the existing
Channel Attention Module (CAM) which only performs one downsampling operation,
the GCCA firstly compresses the image of Z through the AvgPool operation and the
MaxPool operation, to decrease the loss of information brought by the one downsampling
operation, with the following equation:

Fgf = Conv3× 3(MaxPool(Conv3× 3(AvgPool(X)))) (11)

The global information is extracted by reducing the spatial dimension of the input
characteristic picture to 1 using global adaptive mean pooling, which is formulated as
follows:

F ′
gf = GlobalAdaptiveAvgPool(Fgf ) (12)

Finally, the channel features with global attention are obtained by a convolutional layer
with a convolutional kernel size of 1×1, ReLU activation function and Sigmoid activation
function, which are formulated as follows:

FGCCA = Sigmoid(Conv1× 1(ReLU(Conv1× 1(F ′
gf )))) (13)

(2) Local topological spatial attention. Assuming that Z is a feature map of size
H ×W × C, it is subjected to a conventional convolution with a convolution kernel size
of 3 and two dynamic serpentine convolutions on the x and y axes, respectively. While
each convolution kernel of traditional convolution can only perceive a fixed position of
the input, dynamic serpentine convolution [26] is based on a dynamic structure that is
better adapted to the detailed texture structure of the picture to better perceive the key
features of the picture, and its principle equation is as follows:

FDSx = DSConv(Zx) (14)

FDSy = DSConv(Zy) (15)

where FDSx and FDSy are x-axis shifted feature maps and y-axis shifted feature maps
respectively. Next, connect yr with FDSx and FDSy as shown below:

Fconcat = Concat(yr, FDSx , FDSy) (16)

The connected characteristic maps are then fed into a convolutional level with a con-
volutional kernel size of 1. The channel dimensions are downscaled by an adaptive mean
pooling level and a sigmoid activation function level, and the LTSA is obtained as follows:

FLTSA = Sigmoid(adaptiveAvgPool(Conv1× 1(Fconcat))) (17)

The resulting GCCA and LTSA are multiplied with the input feature Z at the element
level respectively, and the two feature mappings are fused using addition to obtain the
HAM features. In the jump join, this method uses a learnable scale factor s ∈ R1 for
better performance.

FMix = FLTSA · Z + FGCCA · Z + s · Z (18)



328 J.-Y. Cai, K. Liu, and R.-H. Wu

4.3. Visual communication optimization based on wavelet transform and deep
learning. In the previous paper, feature extraction and enhancement of visual images
were achieved by CNN and HAM respectively, but the use of AvgPool and MaxPool
together as the image compression function in HAM may bring about a large loss of
detail information [27], for this reason, in this paper, the optimized WT is used instead of
AvgPool and MaxPool operations in HAM for image compression. Given a visual image
X, OWT uses four filters, namely low-pass filters gLL and high-pass filters gLH , gHL,
and gHH , to decompose X into four subband images xLL, xLH , xHL, and xHH . WT has
different forms according to different filters selected. In this paper, the most commonly
used Haar wavelet is selected, and the convolution step of the four Haar wavelet filters is
set to 2 during the convolution process, as shown below:

gLL =

[
1 1
1 1

]
, gLH =

[
−1 1
1 1

]
, gHL =

[
−1 1
−1 1

]
, gHH =

[
1 −1
−1 1

]
(19)

Thus the four components after OWT can be obtained from Equation (20):
xLL(i, j) = x(2i− 1, 2j − 1) + x(2i− 1, 2j) + x(2i, 2j − 1) + x(2i, 2j)

xLH(i, j) = −x(2i− 1, 2j − 1)− x(2i− 1, 2j) + x(2i, 2j − 1) + x(2i, 2j)

xHL(i, j) = −x(2i− 1, 2j − 1) + x(2i− 1, 2j)− x(2i, 2j − 1) + x(2i, 2j)

xHH(i, j) = x(2i− 1, 2j − 1)− x(2i− 1, 2j)− x(2i, 2j − 1) + x(2i, 2j)

(20)

Haar wavelet decomposes the image into four images, and the spatial compression based
on this will retain more details than the information compression using global average
pooling and global maximum pooling on the original characteristic map, so in this paper,
the input characteristic map is first decomposed into four components by OWT. To further
accomplish the information integration, the components generated by Haar wavelet were
further integrated with information using a null CNN before constructing the HAM. The
fully-connected level projects the integrated information into a tighter space with a ratio
r. Converting l level of input into l/r level reduces both computational effort and feature
redundancy. Subsequently, the features are recovered from the space and the l/r layers
are remapped to l levels. Finally, after redistributing the weights of the levels, HAM is
used to enhance the detail information and optimize the visual communication.

5. Experiment and result analysis.

5.1. Quantitative analysis of experimental results. The dataset used in the exper-
iments is the MIT-Adobe5K dataset [28], a commonly used dataset in the field of visual
communication, which is provided by Adobe, and contains 5000 images covering natural
landscapes, buildings, and portraits of people. In this article, the dataset is classified
into training set and test set according to 7:3. The CPU used for training is Intel Xeon
E5-2620 v4, the GPU is NVIDIA Tesla K80, and the network algorithm is built in the
torch environment of version 1.8.1. The Adam optimizer is responsible for optimization
during the network training process, the number of training iterations Epoch is 1000,
the number of images used for training in each batch is 50, the starting studying rate is
0.0001, and the learning rate gradient descent degree is 0.7.

To estimate the effectiveness of the designed method, the proposed method OURS
is compared and experimented with the WTEN method in literature [10], the GANET
method in literature [15], the CNNAM method in literature [17] and the NUAM method
in literature [18]. Firstly, the test time consuming and training time consuming for vi-
sual information optimization with different number of images are investigated, and the
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experimental outcome is implied in Figure 5. The test time consuming and training time
consuming of OURS are lower than other methods. When the number of images is 100,
the test elapsed time and training elapsed time of OURs are 5.1s and 11.8s, respectively,
which are 13.8s and 20.9s lower than WTEN, 10.6s and 13.1s lower than GANET, 9.1s
and 11s lower than CNNAM, and 3.4s and 4.1s lower than NUAM. it shows that the WT-
and DL-based OURS methods are computationally efficient and can efficiently achieve
the optimization of image visual communication.
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Figure 5. Testing time-consuming and training time-consuming visual commu-
nication design methods

The total elapsed time to optimize the visual communication effect of different methods
is formed into a log file during the experiment and then run through Python to generate
a box-and-whisker plot, as shown in Figure 6. The total elapsed time of OURS does
not fluctuate up and down by more than 2.1s, with a maximum of only 15.2s, while the
elapsed time of WTEN fluctuates the most, with a maximum elapsed time of 31.9s. The
elapsed time of NUAM is the next best performance, with a maximum elapsed time of only
19.3s. The longest elapsed time for GANET and CNNAM is 28.9s and 26.8s, respectively.
Therefore, it can be observed that OURS has a more centralized distribution of values
than the other methods, which indicates that OURS is more stable.

5.2. Performance analysis of visual communication effects. To objectively assess
the effect of visual communication, this paper evaluates the image enhancement effect
of different methods using PSNR, SSIM, Image Quality Evaluation (NIQE), and Visual
Fidelity (VIF), which are commonly used metrics to measure the effect of visual commu-
nication. Figure 7 shows the comparison of PSNR of different methods when the number
of iterations is from 0 to 500. PSNR is used to evaluate the difference in quality between
the initial picture and the distorted image. Higher value of PSNR indicates better qual-
ity of image and lesser distortion. The PSNR metric of OURS is higher than the other
four models, with 16.9 dB, 17.5 dB, 21.2 dB, 22.6 dB, and 23.8 dB for WTEN, GANET,
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Figure 6. Total time-consuming box-and-whisker diagrams for visual communi-
cation design methods

CNNAM, NUAM, and OURS, respectively, when Epochs are 300. OURS denoises the
image using OWT and also compresses the image using OWT to retain the maximum
possible detail information without distortion, and enhances the key features using HAM
to improve the visual communication.
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Figure 7. PSNR of different visual communication design methods

Comparisons of SSIM, NIQE, and VIF for the different methods are shown in Table
1, where ↑ indicates that the higher the value the better, ↓ indicates that the lower the
value the better, and the bolded black font indicates the best result in this comparison.
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As shown in Table 1, OURS improves 5.24%-25.69% on SSIM and VIF compared to
existing methods. 3.17%-8.79% reduction in NIQE compared to the existing methods.
WTEN achieves image enhancement only through WT, which significantly increases the
computational effort due to the need for multi-layer decomposition and reconstruction
operations. GANET does not extract image features sufficiently and does not highlight
enough details, resulting in poor visualization. Both CNNAM and NUAM are based on
CNN for image enhancement, but they do not consider image denoising, so the visual
communication effect is not as good as that of OURS. In summary, OURS-enhanced
image has a better visual communication effect.

Table 1. Comparison of performance indicators for visual communication effects

Method SSIM↑ NIQE↓ VIF↑
WTEN 0.7842 4.8784 0.7362

GANET 0.8124 4.4968 0.7851

CNNAM 0.8762 4.1193 0.8496

NUAM 0.8927 3.6481 0.8793

OURS 0.9461 3.3272 0.9254

6. Conclusion. Visual communication enhances the visual effect by enhancing the image
brightness and recovering the image content. Aiming at the problems of unclear image
details and poor visual communication effect of the existing visual communication design
approaches, this paper firstly improves the VisuShrink threshold and threshold function
in WT, which can better separate the noise in the process of wavelet processing and make
the denoised image more natural. Then a multilevel null CNN is designed to extract image
features, expanding the perceptual field through multilevel null convolution, introducing
HAM to generate attention maps from both channel and spatial dimensions, replacing
average pooling and maximum pooling in HAM with OWT to reduce the information
loss of the spatial information compression function, and autonomously learning the con-
tribution of each characteristic channel to the completion of the enhancement task, so
as to enhance the visual communication effect. The experimental results show that the
proposed model has high PSNR and SSIM, and can effectively realize the enhancement of
visual communication effect. Through theoretical research and experiments, it is proved
that the method studied in this paper has achieved certain effect, but the experimental
dataset is relatively single, and in the future, comparative experiments will be carried out
on multiple visual images to verify the generalization performance of the design model.
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