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Imagery non-photorealistic art processing
in modern product design relying on an
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algorithm
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Abstract

In view of the high complexity of image arts processing in modern product design, this paper proposes an image
non-realistic art processing method in modern product design that relies on an inline block optimization
hierarchical tree algorithm. This method is adopted in modern product design. In the introduction of a nested
block optimization hierarchical tree algorithm, according to the different image block level classification, the
statistical autocorrelation function matrix is estimated, followed by the non-realistic art processing of each image
block in the product design. Because the algorithm uses an inline block optimization hierarchical tree algorithm,
this avoids the non-linear iterative phenomenon in the process of traditional product design image processing, and
greatly shortens the image processing time. The simulation experiment results show that the image processing
quality of the proposed algorithm is not affected due to the reduced computational complexity for the image with
less complex texture details. The reduction of image processing quality affects the image processing algorithms
used in modern product design.

Keywords: Image processing, Modern product design, Non-photorealistic art, Nested block optimization
hierarchical tree algorithm

1 Introduction
Non-photorealistic processing is not only specific non-
realistic processing, but also stylized processing. The
focus of such a stylized approach is not to truly reproduce
the scene of the objective world. Instead, it focuses more on
the image personalization and artistic expression. With the
development of computer technology, the purpose of
non-photorealistic processing is to design a certain algo-
rithm to perform processing based on the true color images,
and finally obtain images with the non-realistic effects.
Unlike the photorealistic effects created by photorealistic
processing, non-photorealistic processing refers to the use
of computer-generated graphics rendering techniques with
artistic style. The purpose of non-photorealistic processing
is not about the authenticity of the objective world, but
mainly focuses on highlighting the artistic quality of objects

by using abstract or certain artistic processing styles or
highlighting the local details of objects to show the effect
that is otherwise impossible to be expressed in photorealistic
processing. In recent years, non-realistic art processing
(NRAP) has become a rapidly developing field of research
and has received extensive attention [1]. Many researchers
have done a lot of work in this area. Decarlo et al. completed
the processing of non-photorealistic styles with the assist-
ance of hardware devices. However, the use of hardware has
limited the flexibility of the application processing. Domes-
tically, Tang Yun et al. put forward a non-photorealistic
image simulation method based on scan lines. The core is
the contour extraction and color homogenization process-
ing, but experiments have shown that the non-photorealistic
processing using this method generates color region transi-
tions and false scanning stripes. Computer graphics technol-
ogy mainly focuses on simulating the objective world and
reproducing what people see accurately. Based on various
means, simulation can be used to obtain the image effectCorrespondence: zhouanquande@126.com
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that is closest to the real world and has a high degree of
truth [2]. Realistic rendering technology has become more
and more mature with wide application. With the continu-
ous advancement of computer software and hardware tech-
nology, we are faced with images and display with higher
and higher resolution. The computer-simulated image be-
comes increasingly clear and close to the real world [3, 4].
However, when applying NRAP to image processing in
modern product design, two major problems are faced: the
computational complexity of image processing is too large
and the storage of measurement matrices is huge [5]. The
computational complexity of problematic image processing
is too large. Image processing performance in exchange for
computational complexity is reduced, but it is not ideal for
image processing in modern product design [6]. As the
measurement matrix storage capacity is huge, a structural
random matrix is proposed to reduce the storage capacity of
the measurement matrix. The whole image can be measured
quickly. But the structure random matrix adopts the popular
orthogonal transformation matrix (Fourier transform,
discrete cosine transform (DCT), Hadamard transform). Ac-
cording to NRAP non-correlation measurement theory, the
matrix does not have good generality [7]. There is poor cor-
relation between and independent Gaussian measurement
matrix and any fixed matrix, so it can be used to design a
common image coding strategy in modern product design.
More recently, it was proposed that an inline block meas-
urement and image processing phase combination, while
using an independent and identically distributed Gaussian
measurement matrix, avoids the huge amount of storage de-
fects, making this method particularly suitable for real-time
images [8]. In the framework of the combination of embed-
ded block measurement and image processing, the use of
directionality transformation to increase the image sparsity
further improves the image processing performance in mod-
ern product design. The multi-resolution analysis was intro-
duced to the NRAP measurement process to improve the
performance of image processing in modern product design
at the expense of increased computational complexity. In
the above method, block-based acquisition uses the same
measurement matrix, thus ignoring the fact that each block
has different characteristics (edges, textures, etc.) and even-
tually influencing image processing quality. According to the
method of adaptively changing the measurement rate of
block features, the above defects are effectively overcome
and good results are obtained [9]. In addition to a large
number of applications for 2D images, NRAP has low mem-
ory and fast image processing speed. Its advantages make it
also widely used in 3D images: to make effective use of
image processing algorithms in modern product design to
recover image residuals, to obtain good image processing
quality at a low cost, and to use embedded block-based dic-
tionaries. Generate strategy, use the inter-frame correlation
to construct a dictionary for each block, enhance block

sparsity, and enhance the image processing performance in
modern product design; The image coding motion estima-
tion and motion compensation image processing algorithms,
designed to introduce modern products, also received good
results. In short, it can be seen in the actual image and
image applications, that BNRAP has a great advantage [10].
Although the above image processing algorithms in

various modern product designs have obtained good image
restoration quality, the time required for image processing
is still too long, which is still not suitable for real-time
applications. The fundamental reason for the slow image
processing is that these algorithms are use nonlinear
optimization design, the process contains a large number of
iterations, and too many iterations affect the image process-
ing time. For this problem, this paper reports on application
of the embedded block optimization hierarchical tree algo-
rithm to the image processing of modern product design.
This can greatly shorten the image processing time, while
still retaining the high quality of non-photorealistic art.

2 Method - non-realistic art processing of images
in modern product design
The difficulty of non-photorealistic image processing in
modern product design mainly lies in the non-
photorealistic processing of real color images, which can
be divided into two parts: scientific data visualization and
artistic style processing. Visualization of scientific data
seeks to highlight important information while ignoring
secondary information, and information that cannot be
represented by real images is highlighted. Art style pro-
cessing focuses on artistic expression. This is not to re-
place the artist’s work, but to increase their efficiency.
Through the analysis of the non-photorealistic images
after the artist’s non-photorealistic processing, it can be
seen that the non-photorealistic processing mainly has the
following important features: (1) the transition of regional
colors in the image is incoherent, meaning that relatively
it is not smooth; (2) the outline of the area is highlighted;
(3) the color of the area is relatively uniform and bright;
and (4) many details inside the area are eliminated.
Compared with the real color image, we can find that to
realize the automatic non-photorealistic processing of the
computer, we must deal with the above four characteris-
tics of the non-photorealistic image. In simple terms,
non-photorealistic processing aims to eliminate the details
of the image area, and the area color is processed uni-
formly, while highlighting the edge contour of the area.
However, the real color image has more details in the gen-
eral area. With the increase in the resolution of the cam-
era, the fineness of the image is higher. This objective
problem brings difficulties to the non-realistic processing,
and the camera works according to the ambient light. Dif-
ferent adjustments will be made, and the difference in
light is directly related to the distribution of gray values
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for each channel of the RGB image, which brings difficul-
ties in unifying the non-realistic processing style. In gen-
eral, the objective problems with the non-photorealistic
processing of real color images using computer tech-
nology are mainly about the development of camera
imaging technology and the diversification of the im-
aging environment. The goal of this method is to
solve this problem without introducing human in-
volvement. Under the premise of the circumstances,
fast and effective non-photorealistic processing of real
images is accomplished.
The non-realistic art image processing method in

modern product design proposed in this paper is
shown in Fig. 1. First, the RGB color image is con-
verted into a Lab color image, and gradient filtering
is performed on the CS channel to obtain an edge
gradient map. Then grayscale quantization is per-
formed on the CS channel and the quantized CS
channels are combined. The original image is classi-
fied into blocks, and appropriate numbers of NRAP
measurements are made according to different block
characteristics. Subsequently, different nested block
optimization class tree estimators are designed for the
blocks with different characteristics, and the image
blocks are linearly restored. Finally, image blocks are
merged into an entire image.
The image x of each pixel N = Io × Ir is divided into n

blocks of size B × B, the column vector form of the i
block is denoted as:
xi, i = 1, ⋯, n, n =N/B2,and then the same measure-

ment matrix ΦB is used to measure xi, and the observa-
tion value vector yi is obtained, the length of which is
denoted as MB(≪B2):

yi ¼ ΦBxi; i ¼ 1; 2;⋯n ð1Þ

The formula ΦB is the random Gaussian matrix of
MB × B2, so the M NRAP observations of the original image

are obtained. For the whole image, the total measurement
matrix Φ is the following block diagonal matrix, and the n
diagonal elements are all ΦB:

Φ ¼
ΦB

ΦB

⋱
ΦB

2
664

3
775 ð2Þ

From Eq. (2), we can see that in the BNRAP measure-
ment, there is no need to store a matrix B × B, Φ but
only a matrix block MB × B2, ΦB to be stored in. Obvi-
ously, when it is small, the required memory is small
and can be realized quickly.
Natural images contain certain local features: flat-

ness, edges, and textures. Integrally graded tree pro-
cessing is performed on the images and each feature
can be identified by these characteristics. A reason-
able approach is to make a small number of measure-
ments on flat blocks. For edges and texture blocks,
relatively more measurements are made. According to
this situation, the image block variance is defined as
in the formula in Eq. (3):

di ¼ 1
B� B

XB�B

j¼1

pij−pi
� �2

; pi ¼
1

B� B

XB�B

j

pij; i ¼ 1;⋯; n

min

ð3Þ

di ¼ di−dmin

dmax−dmin
ð4Þ

dmin ¼ min d1; d2;⋯; dnf g ð5Þ
dmax ¼ max d1; d2;⋯; dnf g ð6Þ

In the formula pij, the gray value of pixel of the i block
and the j block are expressed, dmin and dmax are repre-
sented respectively for the minimum and maximum

Fig. 1 Flow chart of non-photorealistic artistic processing in modern product design
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values of the variance in all the blocks. In this way, the
image block classification criteria can be obtained:

xi∈
smooth block; di≤T 1

Edge block;T 1 < di≤T 2

Texture block; di > T 2

8<
: ð7Þ

T1 and T2 are the thresholds set for the classification,
according to experience, we can set the thresholds as
T1 = 0.1 and T2 = 0.3. As shown in Fig. 2b, the 512 ×
512 Mandrill map is classified by 16 × 16 inner size,
white blocks are texture blocks, the gray block is an
edge block and the black block is a flat block. By
comparing with the original image of Fig. 2a, it can
be seen that the hair area with complex texture is all
white, the edge area is mostly a gray block, and for a
flat face in the area, black blocks are more concen-
trated, so it is reasonable to use block variance as a
classification criterion.
Set fixed measurement rate for r, flat block measure-

ment rate r1, edge block measurement rate r2, texture
block measurement rate r3, image total block number N,
flat block number N1, edge number N2, and texture
block number N3, then:

N � B2 � r ¼ N1 � B2 � r1 þ N2

�B2 � r2 þ N3 � B2 � r3
ð8Þ

among them r1 = R r2 = 3R r3 = 5R˳

This means we finish with:

R ¼ N � r
N1 þ 3N2 þ 5N3

ð9Þ

After calculating the value R, we can determine r1, r2,
and r3, due to the influence of setting the weight, the flat
block measurement rate is low, the texture block meas-
urement rate is high, and the edge block measurement
rate is moderate.
In this case, measurement matrices adapted to dif-

ferent types of blocks can be constructed according
to different measurement rates. To achieve small stor-
age of measurement matrices and to maintain strong
correlation with the height of the reference matrix Ψ,
orthogonal Gaussian matrices are used as measurement
matrices, and the measurement matrix construction steps
are as follows:

(1) Generate a random matrix B2 × B2, Θ, where
each element obeys a standard Gaussian
distribution.

(2) Using the Schmidt normalization method, the
column vectors of the random matrix Θ are
orthogonal to each other.

(3) From the measurement rates of the flat, edge, and
texture blocks, determine their number of
measurements M1, M2 and M3 respectively.

(4) Randomly pick out the M1, M2, and M3 respectively
from the matrix Θ, and generate the measurement
matrix for the flat, edge, and texture blocks Φð1Þ

B ,

Φð2Þ
B and Φð3Þ

B .

Among them, the matrix ΘΩ(|Ω| =m) composed of
arbitrary lines m, when satisfying the condition m ≥
C ⋅ S(lgB4)4, is irrelevant to any fixed orthogonal
reference matrix Ψ with a high probability of main-
taining the height, where S is the sparsity of the

Fig. 2 The 512 × 512 Mandrill figure 16 × 16 size classification (T1 take 0.1, T2 take 0.3). a Original image. b Block classification map

Fig. 3 The principle of the embedded block optimization hierarchy
tree algorithm
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coefficient under the image block Ψ, and B
4
is the

total number of pixels of the image block. The number C
is a smaller constant, so that as long as M1, M2, and M3

are sufficiently large, the measurement matrix Φð1Þ
B , Φð2Þ

B ,

Φð3Þ
B of the flat, edge, and texture blocks can be guaran-

teed, and it is not strongly correlated with the refer-
ence matrix Ψ to ensure that the image processing
algorithm can converge effectively. It can also be seen
that only the measurement matrix Θ can be con-
structed to generate flat, edge, and texture blocks

Φð1Þ
B , Φð2Þ

B and Φð3Þ
B so the low memory of the meas-

urement matrix is still guaranteed.

Traditional image processing methods all use non-
linear optimization methods to recover images. This
image processing process involves a large number of
iterative processes, which results in high computa-
tional complexity and is not suitable for real-time,
non-photorealistic art processing tasks in modern
real-time product design. As an initial solution to the
image processing algorithm in modern product design,
the optimization hierarchy tree has achieved good re-
sults, as shown in Fig. 3.
The image block data x is treated as a random vector,

and the NRAP measurement data y are obtained by x
using a measurement matrix ΦB for linear projection:

Fig. 4 Comparison of the autocorrelation function estimate and sample autocorrelation function value. a Flat blocks. b Edge blocks. c Texture block

a

c

b

d
Fig. 5 Non-photorealistic art processing results applying the proposed algorithm. a Figure scene picture. b Non-photorealistic art processing
result picture. c Architectural drawing. d Non-photorealistic art processing result picture
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Rxy ¼ E xyT
� � ¼ E x ΦBxð ÞT

h i
¼ E xxT

� �
ΦT

B

¼ RxxΦ
T
B ð10Þ

Since ΦB is generated by randomly selecting several
rows through orthogonal Gaussian random matrices Θ,
it has the restricted isometry property (RIP), and there is
correlation between the pixels of the block x. Therefore
Rxx ≠ 0, according to ΦB, RIP, and it is known from for-
mula (11), that is Rxy ≠ 0, there is correlation between x
and y. Therefore, the part related to the image block x
can be estimated from the NRAP measurement data y
by the principle of optimal estimation.
Setting y after the transformation H, we obtain linear

estimate x̂ and estimated error for:

x̂ ¼ Hy ð11Þ
e ¼ x−x̂ ¼ x−Hy ð12Þ

The criterion for selecting a linear operator H is to
minimize the mean square value of the estimation error,
expressed as:

Hopt ¼ arg min
H

Ree ¼ E eeT
� � ¼ E x−Hy

� �
x−Hy
� �Th in o

ð13Þ
Reeis seeking for the derivation from H, and if we

let it be equal to 0, we can solve the requirementsHof
the embedded block optimization hierarchical tree
algorithm.

Hopt ¼ RxyR
−1
yy ¼ E xyT

� �
E−1 yyT

� � ð14Þ

From the union of the Eqs. (10) and (14), the following
can be obtained:

Hopt ¼ RxxΦT
B ΦBRxxΦT

B

� �−1 ð15Þ

a b
Fig. 6 Figure portraits non-photorealistic art processing result picture. a Figure portrait. b Non-photorealistic art processing result picture

a b
Fig. 7 Comparison between the algorithm and the traditional algorithm. a Traditional algorithm processing result diagram. b Algorithm
processing result diagram
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Among them, the statistical autocorrelation function
matrix among the image blocks pixels is Rxx:

Rxx ¼ E xxT
� �

¼
E x1x1ð Þ E x1x2ð Þ ⋯ E x1xB2ð Þ
E x2x1ð Þ E x2x2ð Þ ⋯ E x2xB2ð Þ

⋮ ⋮ ⋱ ⋮
E xB2x1ð Þ E xB2x2ð Þ ⋯ E xB2xB2ð Þ

2
664

3
775

ð16Þ

The elements of this matrix can be estimated by Eq. (17):

Rxx i; jð Þ ¼ E xix j
� � ¼ ρδ ð17Þ

δ ¼ dis xxx j
� � ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n1−n2ð Þ2 þ m1−m2ð Þ2

q
ð18Þ

where (n1,m1) is the spatial position of the pixel xi,
(n2,m2) is the spatial position of the pixel xj, and δ is
the Euclidean distance to xi and xj, and the correl-
ation coefficient ρ is between 0.9 and 1.0.
Since the level characteristics of each image block are

not the same, for example, the degree of correlation be-
tween pixels in a flat block is much larger than that of a
texture block, the values ρ of the blocks with different
characteristics should be different. According to this
situation, the value of the flat block ρ is taken as 0.997,
and the edge block ρ is taken as 0.993 and the texture
block value ρ is taken as 0.990. Figure 4 shows the com-
parison of the autocorrelation function values of the flat,
edge, and texture blocks sampled from multiple images
and the autocorrelation function values estimated by
using the above values ρ in Eq. (16). In the figure, the
abscissa is the coordinate value of the pixel on the
diagonal of the image block, and the ordinate is the
autocorrelation function value of the pixel in the upper
left corner of the image block x (1, 1) and the other
pixels in the diagonal line. The estimated value as can be
seen by the actual value deviation is not large, so the
value of ρ should be reasonable.
Once the nested block optimization class tree solver Hopt

is found and each image block is only a simple matrix-vector
inner product, an estimate of the original image block can be

Fig. 8 Cherry blossom

a b

c d
Fig. 9 Unrealistic art processing effect diagram. a Mask 5 × 5. b Mask 9 × 9. c Mask 15 × 15. d Mask 25 × 25
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obtained. The image is divided into n non-overlapped image
blocks; only the n sub-matrix-vector inner product operation
can be used to complete the image processing of the entire
image. The total amount of calculation requires only M×B2

sub-multiplication and M×B2 sub-adding, which is much
smaller than the image processing method in the traditional
product design.

3 Experimental simulation results and discussions
In order to verify the superiority and effectiveness of
the non-photorealistic processing method proposed in
this paper for real color images, a non-photorealistic
processing simulation experiment for color images
was carried out. Two people using different brands of
equipment and different imaging resolutions took a
picture of a person scene and an architectural figure,
which are 800 × 600 and 800 × 600 respectively. The
reason for selecting different imaging devices, differ-
ent scenes, and different image sizes is to illustrate the
generality of the algorithm in this paper. The non-
photorealistic processing of these two color images is
shown in Fig. 5 as the following.
The non-photorealistic effects of the portrait images of

famous celebrities on the Internet are also very good, as
shown in Fig. 6. To further explain the superiority of the
proposed algorithm, we compared it with the non-pho-
torealistic processing method based on the scan line
proposed by previous researchers. These two algorithms
are used to perform non-photorealistic processing on
the person scene graphs in Fig. 5a. The results are
shown in Fig. 7. The average color-filling algorithm
based on scan lines in the conventional method obtains
boundary points by first performing image segmentation
and performs average color filling on the regions be-
tween two boundary points in the same row in line
order. From Fig. 6, it can be seen that the conventional
method is prone to color area jumps and false stripes
when it is not processed by realism. This is caused by
the shortcomings of the algorithm itself, and the main
reason is the edge break. This algorithm can well
overcome this point, and it can produce very non-photo-
realistic effects for the scene maps, architectural draw-
ings and character images captured by different imaging
devices. This indicates that the algorithm in the image is
not true to the color image. And it is of certain applica-
tion value on the sense processing.
According to this algorithm, the original image of

Sakura, such as in Fig. 8, is processed by non-realistic
art, and the result of different degree of processing is ob-
tained by modifying the mask size to adjust the probabil-
ity and statistical area.
Figure 9 is the effect map of the original image based

on the domain pixel probability statistical filtering pro-
cessing. It is the effect of the filter mask size processing

using 5 × 5, 9 × 9, 15 × 15, and 25 × 25. It can be seen
that after this algorithm is used, the simulation of the
stroke effect is more obvious; the larger the mask size of
the filter is, the color block is more condensed. The
more obvious the effect is, the greater the scope, and the
boundary between scenes is blurred. This method uses
the appropriate filter mask size to deal with the original
image. It can better simulate the characteristics of the
artistic style, such as the Impressionist school, especially
in the works of painting, water color, especially oil paint-
ing and watercolor, which has weakened the volume
sense of the scene and strengthened the color factors.
Light and shade and lines form a sense of space, but

Table 1 Peak signal-to-noise ratio of various image and
processing images (dB)

Construction
algorithm

CS measuring rate

0.1 0.2 0.3 0.4 0.5

Debbie

Algorithm 36.78 40.76 43.65 46.58 48.90

BCS-SPL-DDWT 28.58 30.94 32.00 32.68 33.52

BCS-SPL-CT 24.17 35.31 41.68 44.46 46.90

BCS-TV 33.71 38.13 41.21 43.90 46.34

SFE-GPSR 29.78 35.35 38.78 41.38 43.55

Cameraman

Algorithm 28.87 31.64 33.67 35.30 38.24

BCS-SPL-DDWT 24.04 28.28 31.30 33.86 36.22

BCS-SPL-CT 24.58 28.13 30.82 33.12 35.37

BCS-TV 25.09 28.58 31.21 33.58 35.79

SFE-GPSR 24.39 27.03 30.28 33.18 36.02

Lena

Algorithm 28.87 31.64 33.67 35.30 37.17

BCS-SPL-DDWT 28.31 31.37 33.50 35.20 36.78

BCS-SPL-CT 28.17 31.02 32.99 34.68 36.25

BCS-TV 27.86 30.60 32.56 34.25 35.89

SFE-GPSR 24.69 28.54 31.53 33.69 35.82

Peppers

Algorithm 27.95 30.30 32.0 33.4 34.79

BCS-SPL-DDWT 28.88 31.44 32.89 34.06 35.18

BCS-SPL-CT 28.56 31.04 32.57 33.77 34.88

BCS-TV 28.52 31.21 32.74 33.96 35.17

SFE-GPSR 24.58 28.19 30.19 31.76 33.21

Mandrill

Algorithm 20.38 22.06 23.50 24.94 26.54

BCS-SPL-DDWT 22.94 24.87 26.69 28.42 30.28

BCS-SPL-CT 22.87 24.97 26.95 28.90 30.93

BCS-TV 22.31 24.34 26.08 27.77 29.45

SFE-GPSR 20.11 22.23 24.37 26.99 30.06
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form the space with the cool and warm colors. In the
whole algorithm research process, there are some
shortcomings to be further improved: the picture
quality and clarity of the input image have a certain
influence on the end result and we cannot achieve
the best and fixed invariance of each simulation effect. It
needs the user to adjust the corresponding parameters or
preprocess the picture for different original images. The
selection of color space has a certain influence on the
simulation results. It is also the main task for further
experiment and exploration to choose a reasonable and
appropriate color space according to the characteristics of
the original picture. The final simulation effect is still
different from the real works of art, lacking the
“randomness” in the real art works and the individual style
characteristics of the artists.
We extracted one 512 × 512 grayscale image from the

following five databases (Debbie, Lena, Cameraman, Pep-
pers and Mandrill) to test the image non-photorealistic art
processing method based on the inline block optimization
hierarchical tree algorithm proposed in this paper. The

test images have different degrees of detail. The Debbie
diagram contains a large number of flat areas, and the
edges and textures are relatively simple. The Lena and
Cameraman diagrams also contain large flat areas, but the
edges and textures are more abundant than Debbie
diagrams; in the Peppers diagram there are a large number
of edges and flat areas with less texture detail, and the
Mandrill diagram contains a large number of hair
textures, with fewer edges and flat areas. The image
processing algorithm compared to this algorithm is:
BNRAP-SPL image processing using directional
transforms. BNRAP-SPL image processing using direc-
tional transforms, such as NRAP-SPL-DDWT and
NRAP-SPL-CT algorithms; processing of all the im-
ages in modern product design is unrealistic (process-
ing time for 512 × 512 images is up to 30 h). To
reduce the reconstruction time, image processing
strategy in the embedded product modern design is
adopted, which is named as BNRAP-TV. The image
processing strategy in the embedded product modern
design is named BNRAP-TV; the image processing

Fig. 10 The 512 × 512 Cameraman image with non-realistic art processing measurement rate of 0.2, Image contrast reconstructed by each algorithm.
a Original image. b Algorithm in this paper. c Image processing algorithm using directional transformation. d Image processing algorithm of random
Fourier matrix. e Image processing algorithm for embedded block design. f Image processing algorithm with gradient projection

Table 2 The time consumed by various algorithms for image processing (s)

Measuring
rate

Image processing algorithm

Algorithm BNRAP-SPL-DDWT BNRAP-SPL-CT BNRAP-TV SFE-GPSR

0.1 0.6 107.6 87.9 349.7 21.9

0.2 1.2 59.2 50.9 594.0 18.3

0.3 2.0 44.3 35.3 863.4 14.7

0.4 3.0 38.2 24.9 1028.8 13.2

0.5 3.4 26.8 25.2 1131.2 12.1

Average time 2.0 55.2 44.8 793.4 16.0
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algorithm GPSR is used in the modern product de-
sign based on gradient projection, because of the
GPSR image processing speed. The fast random
Fourier envelope (SFE) measures the entire image and
then uses the GPSR algorithm for image processing
to name it SFE-GPSR. The size of the embedded
block size, B, is taken as 32, based on experience.
The NRAP measurement rate (M/N) is taken as 0.5.
Since the measurement matrix has randomness, the
quality and speed of the reconstructed image will
change accordingly, so the peak signal-to-noise ratio
(PSNR) value and the reconstruction time are inde-
pendently averaged for five tests.
The PSNR values of the images processed by the

aforementioned algorithms are listed in Table 1. It
can be seen that for Debbie, Cameraman and Lena
that contain many flat areas, no matter at low or high
measurement rate, the proposed algorithm has higher
PSNR value in image processing than other algo-
rithms. The PSNR values of image processing images
are higher than other algorithms, especially for Deb-
bie images, whereby the PSNR value of image pro-
cessing images can reach 36.78 dB at a low
measurement rate of 0.1, but for images with high
edges and textures such as Peppers and Mandrill, The
proposed algorithm is not superior to other algo-
rithms: for the Peppers graph, the image processing
performance is slightly lower than for other algo-
rithms except the SFE-GPSR algorithm; for the Man-
drill graph, the image processing image quality is the
worst of all algorithms (Fig. 10). Compared with the
optimal recovery quality, it is 1 to ~ 3 dB lower,
which is mainly due to the fact that the proposed
algorithm does not work well for restoring texture
blocks, and there are two reasons for the poor recov-
ery of texture blocks: (1) measurements and (2) the
estimated value of the autocorrelation function matrix
of the texture block deviate significantly from the real
situation (as can be seen from Fig. 4c), by increasing
the number of texture block measurements and
adjusting the value of the estimated autocorrelation
function matrix. To a certain extent, the situation is
alleviated. Figure 5 shows the Cameraman images
processed by various algorithms when the NRAP
measurement rate is 0.2. It can be seen from the sub-
jective comparison that the proposed algorithm has a
low measurement rate for images with uncomplicated
textures. When the image is restored, there will not
be many blockings, and the subjective visual quality is
good.
Table 2 lists the time consumed by various algorithms

to process 512 × 512 Cameraman images. The hardware
platform for running the algorithm is a 2.20 GHz
dual-core central processing unit (CPU) computer, and

the software platform is a 32-bit Windows 7 operating
system and Matlab 7.6 simulation experiment. It can be
clearly seen that the image processing time of the
algorithm presented in this paper is much lower than
other algorithms, and the average time is only 2 s, so it
is very suitable for real-time non-photorealistic art
processing tasks in modern product design.

4 Conclusion
This paper proposes an image processing method based
on the embedded block optimization hierarchical tree
algorithm for modern product design. This method in-
troduces the embedded block optimization hierarchical
tree algorithm in the modern product design and classi-
fies the image blocks according to the different image
blocks to estimate the statistical autocorrelation function
matrix, and then carries out non-photorealistic art pro-
cessing for each image block in the product design. In
the modern product design, an adaptive inline block
Gaussian random measurement is used. At the decoding
end, the statistical self is estimated according to the level
characteristics of different blocks. The statistical autocor-
relation function matrix is estimated, which is used to fur-
ther construct the embedded block optimization tree
algorithm for each image block. This algorithm breaks
through the image processing in the traditional nonlinear
modern product design, and greatly shortens the
non-realistic art processing time of images. It is especially
suitable for real-time non-photorealistic art processing
tasks in real-time modern product design, and the experi-
mental results also show that the measurement algorithm
of this modern product design does not affect the image
processing quality due to the reduction of the computa-
tional complexity of the image with uncomplicated texture
details. It is still superior to the popular image processing
algorithms in modern product design.
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