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Stippling generation method based on superpixel and color knapsack algorithm  

LI Jun, TONG Le, NIU Yan,WANG Ziren 

(School of computer science, Hubei University of Technology, Wuhan, 430068, China) 

Abstract: One of the most important branches of visual stylization is dot painting. It is primarily 

based on the change of point density to express the aesthetic features of the image by showing the 

change of color brightness in the image through the change of density. It is currently a hotbed of 

research in the topic of picture style migration. In many picture stylization applications, common 

depth learning methods have demonstrated considerable benefits, but they have not been applied 

in stippling. The fundamental problem is because stippling has a small dimension and constructing 

a loss function is challenging. A dot drawing generation algorithm based on superpixel and color 

knapsack is proposed in this paper. To begin, the algorithm uses a super-pixel preprocessing to 

preserve the color mutation level in the super-pixel, then generates the sampling radius using the 

color mean based on K-means binary clustering, and the Poisson disk generates the initial stipple 

sampling points based on the sampling radius. The random point selection algorithm based on the 

color knapsack algorithm is used to improve the local SSIM value to improve the effect of edge 

and detail area. The suggested technique outperforms previous methods in terms of visual effects, 

SSIM, and PSNR scores, as well as having good real-time performance. 

Key words: stippling;  Superpixel;  color knapsack algorithm;  Poisson disk sampling 

0   Introduction 

Image style migration is a crucial aspect of non-photorealistic rendering and image 

processing. One of the hottest topics in recent years has been the stippling generation algorithm. 

The conventional stippling generating method uses the density of control points to adjust the 

image's hue. To accomplish the impact of clearly differentiating the color shift of the image, the 

point set in pointillism must be randomly and equally dispersed, and no other patterns will be 

formed to confound the resolution effect. Aside from using densely distributed points to display 

dark tones over a big region, the points should be kept as far apart as practicable. As a result, 

creating a stippling image with thousands of dots takes a lot of time and effort. As a result, 

computer-generated stippling images have become a popular research topic in the field of image 

processing. The stippling algorithm is now being used in the red neon advertisement image as well 

as the aerial UAV building dot painting image. 

The size of the points is adjusted according to the light and shade of the image area in the 

traditional approach of computer-aided stippling generation[1]. The points with a greater radius 

and sparse distribution are chosen for the image's brighter parts. The points with a smaller radius 

and a dense dispersion are utilized to represent the darker regions. Although this algorithm may 

replicate the artist's creative process and improve rendering effects, it still has several flaws, such 

as a bad effect on image boundaries and detailed areas. This paper provides a stippling generating 

method based on superpixel segmentation and the color-bag algorithm to increase the quality of 

generated stippling. To divide the input image into a set of superpixel sequences with clear 

boundaries and compact space, a simple linear iterative clustering method is used, followed by 

binary clustering divided by the K-means algorithm, which uses Poisson disk sampling to quickly 

generate the stippling sampling points, and a setpoint optimization algorithm based on the color-

bag algorithm to select the pixels in each sub-cluster so that the points are kept evenly distributed. 



1 Related work 

Stippling is a non-photorealistic rendering technique that relies heavily on the sampling 

process to render points. The results of the experiments show that the sampling distribution with 

blue noise characteristics has good unpredictability and does not lose uniformity over time, 

resulting in a superior rendering quality. There are numerous research projects now underway in 

the field of point drawing. Secord[5] obtains the weighted centroid Voronoi diagram approach. 

According to the input image, the algorithm determines the initial sample point, splits the Voronoi 

region, and iteratively modifies each point on this basis to update the center point of each Voronoi 

region. Reference[6] also utilized an iterative drawing process. Although the quality of the 

generated point drawing can be improved by controlling the density of the sampling points, the 

iteration takes a long time. Although the point drawing image generated by the above method has 

a good effect, the rendering efficiency is low due to the algorithm's long execution time. On the 

contrary, the stippling pictures effect is unsatisfactory if the rendering speed is prioritized. 

Reference[7] is optimized based on the Secord method, and a fast algorithm for random 

distribution of stippling is proposed. The model of generating points is defined by the algorithm, 

which includes color, brightness, size, and other information. At the same time, the density 

function is meant to distribute control points randomly, which accelerates point painting rendering 

but reduces stippling image quality. 

In addition to the traditional stippling drawing method, it can also be separated into regions 

based on the grayscale value of the image. The white-bottom black pixels are used in the high gray 

value region, and the black-bottom white pixels are used in the low gray value region. On the 

basis above, Reference[8] extracts the image's features and sets the feature region as a black 

background while the rest of the image is white. Because the approach does not require iterative 

processes, the rendering speed is fast, and the resultant image's feature information is better 

represented. However, this method relies on the density function to control the distribution of 

points, and the unreasonable design of the density function will affect the final stipple generation 

effect. Reference[9] proposed a real-time stippling method that pre-computes incremental Voronoi 

sequences, which greatly speeds up stippling and has a high degree of parallelism, which can be 

extended to multi-tone stippling. However, the algorithm still has shortcomings such as a lack of 

local detail features and incomplete overall structural information when generating pointillism. 

To prevent the loss of partial contour information caused by color mutation inside the 

superpixel, the SLIC superpixel algorithm is used to preprocess the image, and each superpixel is 

partitioned into two sub-clusters according to the K-means algorithm. To get superior quality 

stippling results, the radius-optimized Poisson disk sampling algorithm is utilized to generate the 

sample map for each sub-cluster, and the random optimization point selection algorithm based on 

the color knapsack algorithm is used to select the sampling points. 

2 Methodology 

 A stippling generating approach based on superpixel segmentation and the color-bag 

algorithm is proposed in this study. A simple linear iterative clustering method is used to divide 

the input image into a set of superpixel sequences with clear boundaries and compact space, 

followed by binary clustering divided by the K-means algorithm, which uses Poisson disk 

sampling to quickly generate the stippling sampling points, and a setpoint optimization algorithm 

based on the color-bag algorithm to select the pixels in each sub-cluster by optimizing the SSIM 

value of the binary cluster.  



2.1 Simple linear iterative clustering 

The superpixel algorithm was first proposed by Ren et al[10] in 2003. The local area 
consisting of adjacent pixels with similar feature information in the image is called a super-pixel, 
and its feature information can be texture, color, brightness, etc. In the subsequent image 
processing, superpixel blocks are used instead of pixels as the basic unit to operate, which can not 
only reduce the burden of data storage but also reduce data redundancy. The SLIC algorithm was 
proposed by Achanta et al ( Simple Linear Iterative Clustering Super-pixel ). The algorithm uses 
the k-means clustering concept as its foundation, converting each pixel in the image from RGB to 
LAB color space and composing a five-dimensional vector space {l,a,b,x,y}V = from the spatial 

coordinates of pixels ( , )x y  in the image to increase super-pixel segmentation accuracy and edge 

fit. 
The steps of the algorithm are as follows: 
Step 1: Image Preparation 
It is important to convert the input image from RGB to LAB color space and construct a five-

dimensional vector {l,a,b,x,y}V =  associated with the spatial coordinates of pixels in the image 

to meet the visual perception of human eyes and to assist subsequent image processing. 
Step 2: Initialize seed points 

It is assumed that the input image has N pixels, and the number of superpixels expected to be 

segmented is K. The algorithm first randomly generates K seed points in the image, which are 

evenly distributed in the image, then the number of pixels contained in each superpixel is N/K, 

and the interval between the seed points in two adjacent superpixels is S: 

 sqrt( / )S N K=  (1) 

Step 3: Optimize seed point location 

To prevent the generated seed points from being at the edge of the super-pixel, which affects 

the subsequent clustering effect, it is necessary to further optimize the position of seed points. 

Taking the seed points in each superpixel as the center, all pixels in the neighborhood of 3 * 3 are 

traversed, and the pixels with the minimum gradient are selected as the new seed points. 

Step 4: Calculate the similarity 

Find the similarity between each pixel point and the seed point by traversing the pixel points 

in the rectangle region of 2S * 2S around each seed point. 

 2 2 2d ( ) ( ) ( )c j i j i j iL L a a b b= − + − + −  (2) 

 2 2d ( ) ( )j i j is x x y y= − + −
 

(3) 

 2 2d ( ) ( )j i j is x x y y= − + −
 

(3) 

 

Step 5: Update the cluster centers 

The new seed point is the one that corresponds to the lowest similarity value. 

Step 6: Iterative Optimization 

Steps 4 and 5 should be repeated until the cluster centers are no longer changing. Because it 

has been proven in practice that 10 iterations may produce optimum results for most photos, the 

number of iterations is usually 10. 

Step 7: Enhance Connectivity 

After the above operation, the generated images may have some superpixel areas with a too 

small area, which can be joined with the surrounding superpixels. 
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Figure 1  The SLIC algorithm's basic flow diagram  

 

Figure 2  Superpixels generated by 10 iterations 

 

2.2 Binary clustering based on K-means 

 Although the color of each superpixel is identical, the greatest variance in gray color inside a 

superpixel may exceed 60 after experimental comparison. The effect of multiple facial shadows 

and light angles on the contour will be neglected if just one treatment is performed, such as the 

failure effect of unclear nose contour and inability to reveal eye white. As a result, the superpixel 

clustering must be further divided to ensure that the changes in distinct pixel color levels are 

presented. In this method,  the K-means algorithm divides superpixels into sub-clusters, ensuring 

that even a small number of mutation color points in color clustering can acquire a given 

probability display. The color mean in the K-means sub-cluster is used as the fundamental unit in 

the enhanced radius optimization technique, which samples using the Poisson disk algorithm. The 

color mean of all pixels in each K-means sub-cluster is calculated first, and then the sampling 

radius is derived based on the color mean. The image's hue will be darker if the color meaning is 

smaller; the point should be densely distributed, and the radius should be as tiny as feasible.  The 

density of pixels and the color of pixels have a direct relationship. To emphasize the density 

difference, we use the third power of the color ratio as the independent variable to correlate the 

radius, and set the cardinal numbers 0.5 and 8 to ensure that the distance between pixels in dark 

colors cannot be too close, and the distance between pixels in light colors cannot be too far. The 



corresponding function is shown as follows: the color mean of the cluster is represented by 

parameter color. 
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(5) 

Each sub-cluster has its own radius, so the sampling produced by each sub-cluster is unique. A 
dark effect is created by a point set with a small radius and high density, while a light effect is 
created by a point set with a big radius and sparse density.  

 
Figure 3  Random sampling points generated with r=0.5 and a cluster r=2 r=0.5  

2.3 Poisson disk sampling 

Stippling's effect is mostly determined by the distribution of points. How to realize the 

change of point distribution and density is the key to generate stippling.  

The distribution of sampling points is the premise of point drawing. The quality of the final 

point drawing outcomes is directly determined by the algorithm quality during the point drawing 

process. Blue noise sampling is frequently used in multimedia and computer graphics as a 

sampling approach that can account for both randomness and uniformity. Due to its blue noise 

features in the spectrum, Poisson disk sampling has a good effect in the field of image rendering. 

Poisson disk sampling is an algorithm for generating uniform random points in n-dimensional 

space. The sample is limited by the minimum distance, which means that the distance between 

two locations exceed a particular threshold, and each grid unit may only carry one sample.  Taking 

a point as the center of the circle, the sampling points are carried out in the vicinity of  r and 2r, as 

shown in Figure 4.  

r

2r

 
Figure 4  Active candidate point requirements  

The input of Poisson disk sampling has three items, namely sampling domain, sampling 
radius and maximum candidate point k. The algorithm samples in a specific annular space 
between r and 2r to locate new samples, calculates the distance between these new samples and all 
adjacent samples in the background grid, and adds them to the list if they fit the criteria. After the 
maximum number of attempts, if no new samples can be added around the sample, the sample is 
eliminated from the list. The algorithm will generate closely arranged and uniformly distributed 
points, and any two points in the sample should satisfy that the distance between them is not less 
than the given distribution radius r. 
 x , :|| ||i xj S xi xj r  −   (6) 

Resulting in a more natural pattern. The following is the specific generation algorithm: 



算法 2. Poisson disk sampling algorithm 

Input：dimension N, radius r, generation point maxK 

Output：sampling point map 

Randomly generate an active sample point 0p  

With 0p  as the center, K candidate sampling points are randomly generated in polar 

coordinates in an annular region with a radius of r to 2r  
for K=1 : maxK  

Remove the points that are closer to the selected sampling point than r, and keep the rest as 
new active candidate points. 

if K > maxK 
The active sample point in the annular area's center has been declared inactive and will no 

longer be used to produce candidate points 
end if 

end for 

return 

2.4 Random selection optimization algorithm based on Color-Bag algorithm  

Although the Poisson virtual sampling points based on blue noise have a good uniform 

distribution, the selected points do not completely coincide with the actual pixel points in the 

image, and the direct use will produce cumulative differences with the actual image. To make 

greater use of the source image, a corresponding method must be used to replace the virtual 

sample points, while maintaining uniformity and attempting to preserve the source image's 

contour and hierarchy. Based on the Poisson disk sampling points, the algorithm in this paper 

picks out some neighbor point sets according to the Euclidean distance between each sampling 

point and the actual pixel points in the sub-cluster, and then according to the important index in 

image evaluation – SSIM(Structural Similarity) design optimizes the point selection method, and 

uses the selected point set as the substitute point of the sub-cluster, to obtain the pixel points that 

are closer to the real image position distribution and to express the image content. 

Considering that the original image is made up of local superpixel sub-images, the overall 

SSIM optimal scoring result can be enhanced if the SSIM of pixels in these clustered sub-images 

achieves the optimal or sub-optimal impact of local SSIM. 

Given two images x and y, SSIM compares the similarity of images x and y in three aspects: 
brightness l( , )x y , contrast l( , )x y , and structure ( , )c x y . The mean was used to estimate the 

brightness, the standard deviation to estimate the contrast, and the covariance to estimate the 
structural similarity. The similarity of the final x and y is the function product of these three. 

Among them, xμ and y
μ , xσ and y

σ  are the mean and standard deviation of x and y, respectively, 

and xy
σ is the covariance of x and y. 

C1, C2, and C3 are positive constants in the formula used to prevent division by 0 exceptions in 
the formula. 
 1 ( 1* )*( 1* )

2 ( 2* )*( 2* )

3 2 / 2

C K L K L

C K L K L

C C

=
=
=

 

 
 

(7) 

Default K1 = 0.01, K2 = 0.03, L=255. 
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In summary, the SSIM function ( , )SSIM x y  is the product of the three functions, as illustrated in 

formula (11). 

 
1 2

2 2 2 2
1 2

( , ) f[l(x,y),c(x,y),s(x,y)]

(2 )(2 )
           = 

( )( )

x y x y

x y x y

SSIM x y

C C

C C

   
   

=
+ +

+ + + +  

(11)
 

Analyze the calculation process of SSIM, set the original list of sub-pixel points of the input 

image be 1 21 { , ... }nP x x x= , the sampling point set 1 22 { , ... }mP y y y= , the P1 number is the 

source pixel point in the grayscale image, the value of each point is between [0, 255], and the P2 
sequence is the selected black and white pixel, the value of which may only be 0 or 255. Assuming 
that the pixel painting is constructed under a white background, the initial value of each point's 

value iy  is all 255. The three-dimensional surface graph produced according to formula 7 shows 

that when x y
 = is set, ( , )l x y  will take the greatest value of 1, that is, the closer the two 

image pixels are to the same value, the higher the value. The ,
x y

   in ( , )c x y  also has the 

same properties. Since ( , )s x y  involves the correlation of two series, its covariance will have 

positive and negative correlation, which needs further processing. Nevertheless, the first two 
functions can be converted into a color knapsack problem. 

 

Figure 5  ( , )l x y  and ( , )c x y  function three-dimensional surface construction diagram 

Assuming that m points need to be selected from n source pixel points based on the radius 

density, the source pixel points 1 21 { , ... }nP x x x= , [0,255]ix = , 1 22 { , ... }mP y y y= ,

[0,255]iy = ,then the optimization point selection problem is transformed into how to choose 

the points in 2P  , so that formula 11 is the least. 

Theorem：If ix  is sorted from small to large, and the point with the lowest color number is 

selected to be added to the 2P  set, the value of formula 12 will be the least. 
 

2 2

0

| |
n

i i

i

x y
=

−  
 

(12)

 

        

 

Proof：1) When k=1, only one point can be chosen as 0 and the other points are 255, formula 12 
becomes: 
 2 2 2 2 2 2

0

| | | 255 | | 0 |
n n

i i i k

i i k

x y x x
= 

− = − + −   (13)

 

If kx  is any point in 1P , let minx  be the point with the least color value in 1P . Then there are: 
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Then add both sides of inequalities 14, 15 and add
2 2

,min

| 255 |
n

i

i k

x


− . The following formula (16) 

is obtained:  
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(16)

 

 

That is, when ix takes the value of the minimum point, the result provided by formula 12 is less 

than the value of any other point. 

2)

 

When k=m, add another point to take the value of 0. As can be observed from the above, the 

preceding m-1 points' minimum value is S, and when 1 point is added again,

 

2 2 2 2

0

| | | |
n

i i i i

i i M

x y S x y
= 

− = + −  , the problem is transformed into the problem of selecting 1 

point to find the minimum value in 2 2| |i i

i M

x y


− , which is the same as step 1. 

 In summary,

 

the points selected by this method will be selected in the order of the color 

number of 1P  from low to high, yielding the higher formulas 8 and 9 result. 

 As a result, based on the points obtained by the Poisson disk sampling approach, we design 

an efficient point selection algorithm according to Theorem 1. 
1）. Taking superpixels as the unit, the virtual sampling points of the Poisson disk in 2.2 are 
mapped to the coordinate points in the original image in turn. 

2）. The actual neighbor pixels of the source image of each virtual sampling point iA  are 

obtained in turn, and the superpixel sets of the source image are sorted by color number from 
small to large.  

3）. Select each sampling point iA  in turn, and locate the point's nearest neighbor in the 

original image. 

4）. Search the neighbor points of iA  in turn. If the distance between the source image neighbor 

point and the iA  point is less than the threshold (set the threshold to two pixels) and there are 

multiple points, the neighbor point with the lowest color number is selected. If there is only one 

neighbor point, select this point, set the last selected actual point to be iB , and use this point to 

replace the point iA . If no other point in the vicinity meets this requirement, the point is discarded. 

5）. Repeat steps 3 and 4 to traverse all sample generation points and record the retained source 

image replacement point iB  list. Calculate the SSIM value for each superpixel. 

6）. Repeat the cycle five times more, then choose the source map replacement point list with the 

greatest SSIM value as the final replacement point. 

At this time, the poisson disk sampling algorithm is random sampling, so the sampling points 
generated each time are different, and each time the virtual sampling points are traversed in a 
random order, the result of the actual pixel minimum point being selected will also vary with the 
initial sampling point. However, the selected replacement point set basically retains the 
randomness and uniformity of the sampling points, and ensures a positive effect on the boundary 
inside the original image's superpixel range. Although there are some deviations and fluctuations 
in the results. Since this method guarantees the optimal value of the first two functions in the 



SSIM calculation principle, although it cannot be guaranteed in the third function ( , )s x y  it still 

greatly improves the SSIM value and stability of local superpixels,the fluctuation is smaller than 
ordinary random selection.  

3 Experimental results 
The algorithm in this paper is implemented in Python 3.8, and tested on i7 2.40GHz CPU, 

8.0GB memory, and Windows 10 platform, and uses structural similarity (SSIM) and peak signal-
to-noise ratio (PSNR) to score stippling quality[12]. SSIM and PSNR are two commonly used 
image evaluation indicators, and the larger the value, the higher the similarity between the two 
images. 

The test images and superpixel images utilized in this paper's experiments are listed in Figure 
6. 

 

Figure 6  Test images and superpixel images 

As an example, Figure 7 shows the sub-cluster of superpixel cluster number 163.The actual 
pixel of this sub-cluster is 81 pixels. After 2 rounds of random selection based on the color 
knapsack algorithm and ordinary random selection, the comparison is shown in the figure 7. The 
picked point set is blue, the unselected point set is red, the whole is 81 pixels, and the coordinates 
correspond to the source image's location coordinates. 

 

a) The CBag algorithm was used in the first round of random selection 

    b) The CBag algorithm was used in the second round of random selection. 

 

c) Round one of ordinary random selection   d) Round two of ordinary random selection 

Figure 7  Comparison of CBag selection and common selection 
 

method 
 

round 
 

SSIM 
 

source 
collection 

points 

 
selected 
points 

CBag 
selection   

Round1 0.232479 81 37 

CBag 
selection 

Round2 0.232479 81 34 

common 
selection 

Round1 0.045653 81 31 

common 
selection 

Round2 0.049635 81 30 

Table1 Comparison between CBag selection and common selection 

 



 

Figure 8  Comparison curve between CBag selection and common selection 

It can be seen from Figure 7 that the number of points screened in each round is different. 
The number of points selected in each round of CBag and the random point selection method is 
different. The CBag method selects points more accurately while ensuring the radius interval. The 
CBag algorithm can produce nearly identical SSIM values in different point sets, but standard 
random selection has some fluctuations and has a lower overall SSIM value than the CBag point 
selection method. In Figure 8, 10 rounds of comparisons were performed for the superpixel 
numbers 20, 163, 250, 420, and 478 in turn. The same color curve corresponds to the same 
superpixel class. For example, No. 20 corresponds to the superpixel red curves, the upper red 
curve fluctuates around the SSIM value of 0.67, while the random selection below fluctuates 
around 0.04.From the perspective of multiple sets, CBag selects the same number of points to 
achieve a higher SSIM value effect and stable fluctuations (# curve in Figure 8). Each superpixel's 
CBag point set screening is optimal or sub-optimal locally. 

The algorithm in this study is further compared with the mainstream Push-Pull algorithm, 
incremental Voronoi sequence algorithm and the algorithm based on image features. The test 
comparison images used are all from the related literature, and the results are shown below.The 
comparison findings between the algorithm in this paper and the Push-Pull algorithm based on test 
images a and b are shown in Figure 9 and Table 2. The comparison findings between the algorithm 
in this paper and the basic rendering algorithm based on incremental Voronoi sequence sampling 
in the test images c, d, and e are shown in Figure 10 and Table 3. The comparison findings 
between the algorithm in this paper and the generation algorithm based on image structure features 
in the test images f, g, and h are shown in Figure 11 and Table 5.All images are drawn from points 
of the same radius. From the numerical error SSIM and PSNR, it can be found that the quality of 
the stipple generated by the algorithm in this paper is higher, and the average time of the algorithm 
is faster, which can achieve the effect of real-time rendering.The quality of the final generated 
stippling also outperforms other methods in both visual effects and numerical scores. 

 
Figure9  The comparison results between our algorithm and the Push-Pull algorithm 



Evaluation 
indicators 

Method Input image number Mean 
Image a Image b 

SSIM 
Push-Pull 

Algorithm[13] 
0.0875 0.1523 0.1199 

ours 0.1298 0.2671 0.1985 

PSNR 
Push-Pull 

Algorithm[13] 
10.0847 10.7331 10.4089 

ours 9.4029 12.0779 10.7404 

Table2  The comparison results between our algorithm and the Push-Pull algorithm 

 
    Figure10  The comparison results between our algorithm and incremental Voronoi sequence 

algorithm 
Evaluation 
indicators 

Method Input image number Mean 
Image c Image d Image e 

 
 

SSIM 

Incremental 
Voronoi 
sequence 

algorithm[1] 

 
 

0.4389 

 
 

0.1506 

 
 

0.2922 

 
 

0.2939 

ours 0.4718 0.1832 0.3252 0.3267 

 
 

PSNR 

Incremental 
Voronoi 
sequence 
algorithm 

[1] 

 
 

12.0060 

 
 

14.8006 

 
 

14.3474 

 
 

13.7180 

ours 17.5879 10.6332 13.3827 13.8679 

Table3  The comparison results between our algorithm and incremental Voronoi sequence 
algorithm 

 

 
Figure11  Comparison results between our algorithm and the algorithm based on image features 

 

 

 



Evaluation 
indicators 

Method Input image number Mean 
Image f Image g Image h 

 
 

SSIM 

Based on 
image 

features 
Algorithm 

[21] 

 
 

0.4389 

 
 

0.1506 

 
 

0.2922 

 
 

0.2939 

ours 0.4718 0.1832 0.3252 0.3267 

 
 

PSNR 

Based on 
image 

features 
Algorithm 

[21] 

 
 

12.0060 

 
 

14.8006 

 
 

14.3474 

 
 

13.7180 

ours 17.5879 10.6332 13.3827 13.8679 

Table 4 Comparison results between our algorithm and the algorithm based on image features 
 

4 Conclusion 
 A real-time image stipple creation algorithm is proposed in this paper.  Superpixels are used 
to preprocess the image, the Poisson disk algorithm is used to quickly obtain sampling points, the 
radius color mapping function is designed based on binary clustering to optimize the sampling 
radius, and the random point optimization algorithm based on color knapsack is used to improve 
the SSIM value. Experiments demonstrate that the proposed stippling generation method 
outperforms existing algorithms in terms of visual effects, SSIM and PSNR scores, and can 
achieve real-time results in terms of speed. However, there are also some drawbacks. For example, 
the unreasonable design of the radius function in the Poisson disk sampling algorithm will directly 
affect the stippling effect, and the effect of negatively correlated pixel sub-clustering is not 
obvious, which is also a direction that needs further research. We can explore the generation 
algorithm of color stippling in the future, change the expression form of the dots in the stippling, 
and create with different shapes to increase the diversity of stippling, so as to generate stippling 
that is closer to handmade works. 
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