
Journal of Applied Science and Engineering, Vol. 27, No 4, Page 2301-2313 2301

Boundary-preserving Superpixel Segmentation
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In recent years, superpixel segmentation has been widely used in image processing tasks as a preprocessing
step. Superpixel segmentation aims to group pixels into homogeneous regions while maintaining edges. This
paper proposes a superpixel segmentation algorithm based on boundary preservation. In the algorithm, the
side window filtering is first used to smooth the image texture area, so that the superpixel shape generated at
the texture is regular. Different from other superpixel clustering algorithms, the algorithm in this paper uses a
new distance measurement function for distance measurement, which can assign different weights to its color
distance items and spatial distance items according to different pixels, so that the superpixel fit in the image
boundary area. The boundary is regular in the flat area. The distance measurement function also takes into
account the pixel information of the linear path from the pixel to the cluster center, and avoids the category
error division caused by only the local information of the pixel for clustering. Finally, this paper designs a new
cluster center update strategy, which uses only the weighted average of some reliable pixels in the superpixel as
the new cluster center, thereby reducing the update of the cluster center of pixels that are not very similar to
the cluster center. The interference makes the cluster center update more accurate. Experimental results show
that our algorithm can get better results in visual effects and BR,UE,ASA indicators compared with existing
algorithms.
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1. Introduction

In 2003, Ren and Malik et al. first proposed the concept
of superpixel segmentation [1]. Superpixel segmentation
refers to dividing an image into several sub-areas with reg-
ular shapes and the same size, and making the same area
have features such as grayscale, color, and texture. Similar
to the above, these sub-regions are called superpixel. Re-
placing the original pixels in the image with superpixel to
represent the image can effectively reduce the redundant
information of the image, thereby shortening the running
time of subsequent image processing algorithms, so super-
pixel segmentation is often used as an image preprocessing
step to be widely used in various computer vision tasks.
For example, in image segmentation [2, 3], image denoising

[4], target tracking [5], object recognition [6], saliency detec-
tion [7], indoor scene segmentation [8], quality inspection
[9] ,classification [10, 11] and other computational vision
tasks [12–15] has the application of superpixel segmenta-
tion.

In various applications of superpixel segmentation, the
quality of superpixel will greatly affect the effect of subse-
quent algorithms. Generally, a good superpixel segmen-
tation algorithm should meet the following requirements:
First, the generated superpixel should be close to the edge
of the object in the image. The closer the edge of the su-
perpixel is to the edge of the object, the more accurate the
segmentation result will be. The second is that the pixels in-
side the superpixel should have similar characteristics such
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as color, texture, brightness, etc., and only pixels with the
same or similar properties can be represented by a super-
pixel. The third is to ensure that the generated superpixel
have regular shapes, and regular and dense superpixel are
conducive to the subsequent processing of the algorithm.
In fact, boundary regularization and boundary overlap
themselves are often contradictory. If the generated su-
perpixel are more regular, the boundary of the superpixel
is difficult to keep fit with the image boundary, and the
higher the degree of fit between the generated superpixel
boundary and the image boundary, Then superpixel must
be difficult to ensure regularity.

This paper proposes a superpixel segmentation algo-
rithm based on clustering. The algorithm first preprocesses
the image with side window filtering, smooths the texture
area in the image, and makes the superpixel generated
by the texture area more regular. In order to make the
generated superpixel fit the image boundary more closely,
this paper proposes a new distance measurement formula,
which consists of two terms. The first term is the distance
term based on the boundary probability. The boundary
probability in this term is calculated by the image gradient.
The boundary probability reflects the probability that the
pixel is located on the image boundary. When the boundary
probability is large, the color of the pixel is the main basis
for superpixel division, thus ensuring that the superpixel
generated in the boundary area can be Closely fit the im-
age boundary; when the boundary probability is small, the
spatial distance term becomes the main division basis in
the clustering process, so that the superpixel generated in
the non-boundary area are more regular. The second term
of the distance term is a penalty term based on the linear
path. This term takes into account the boundary probability
information on the linear path from the pixel to the clus-
ter center, and imposes a penalty on the cross-boundary
clustering, thereby further improving the superpixel’s per-
formance. Uniformity within the class. Finally, this paper
designs a new cluster center update strategy, which can
reduce the interference of unreliable pixels in the cluster to
the update of cluster centers and improve the accuracy of
the update of cluster centers. The main points of this article
are the following three innovations:

This paper introduces side window filtering as a prepro-
cessing step, so that the generated superpixel can keep a
certain degree of regularity in the texture area while keep-
ing close to the edge of the object.

• The algorithm in this paper designs a new distance
measurement formula. This formula can adaptively
assign different weights to the color distance items and
spatial distance items of pixels in different regions, so

that the generated superpixel can be closer to the im-
age boundary. In addition, the formula also takes the
boundary information from the pixel point to the clus-
ter center into consideration, which further improves
the boundary fitting performance of the superpixel.

• This paper proposes a new cluster center update strat-
egy. This strategy first eliminates the abnormal pixels
in the superpixel according to the three sigma princi-
ple, and then assigns different weights to the remain-
ing pixels based on their similarity to the cluster cen-
ters, and updates the cluster centers in a weighted
average manner to make the cluster centers The up-
date is more accurate.

2. Related work

Superpixel segmentation has received a lot of attention
in recent years. Scholars have proposed many effective
superpixel segmentation algorithms. Superpixel segmenta-
tion algorithms can be roughly divided into two categories:
graph theory-based superpixel segmentation algorithms
and cluster-based superpixel Segmentation algorithm.

2.1. Graph theory-based algorithms

Among the superpixel segmentation algorithms based on
graph theory, Ncuts [16] is the most typical one. The algo-
rithm treats the pixels in the image as nodes of the graph,
and uses the brightness and texture information of the im-
age to perform iterative segmentation; however, the com-
putational complexity of the algorithm is high, and the
contour fit of the segmentation result is poor. In addition,
Liu et al. proposed an entropy rate-based superpixel seg-
mentation algorithm ERS (entropy rate superpixel) [17]
in 2011, which is another classic algorithm in this field.
This algorithm uses an entropy rate that contains a random
walk of an image and An energy function that guaran-
tees that superpixel have similarly sized balance terms to
produce superpixel. The algorithm has high execution ef-
ficiency and the generated superpixel boundary and the
image boundary can be well overlapped, but the generated
superpixel is very irregular.

Shen et al. proposed a random walk superpixel segmen-
tation algorithm LRW (lazy random walks) in 2014 [18].
The algorithm is improved on the basis of the traditional
random walk algorithm, and proposes a lazy random walk
algorithm with compact term constraints. The algorithm
takes into account the relationship between the pixel and
all cluster centers, and solves the traditional problem. The
random walk algorithm only considers the problem of ir-
regular shape of superpixel caused by the local relationship
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between pixels and cluster centers. The algorithm can gen-
erate regular superpixel in the texture area and has strong
robustness, but its complexity is squared with the number
of pixels in the image, which makes the algorithm more
time-consuming to execute.

In 2018, Gong et al. proposed a differential evolution-
based superpixel generation algorithm DES (Differential
evolutionary superpixel) [19]. The objective function pro-
posed by the algorithm is composed of superpixel internal
errors, image boundary gradients, and global variance reg-
ularization terms. The evolutionary global optimization
realizes the over-segmentation of the image and obtains
the super-pixel segmentation result. The time complexity
of this algorithm has a linear relationship with the num-
ber of pixels in the image, which can meet the real-time
requirements of superpixel segmentation, but the super-
pixel generated by the segmentation have poor regularity,
which is not conducive to the application of subsequent
algorithms.

2.2. Cluster-based algorithm

In the cluster-based superpixel segmentation algorithm,
the superpixel generation process is regarded as the pixel
clustering process. Therefore, many clustering algorithms
are used to generate superpixel. Achanta et al. [20] pro-
posed the SLIC algorithm in 2012, which uses the K-means
clustering method to generate superpixel. The algorithm
can generate superpixel with regular shapes and similar
sizes, and the algorithm has a high time execution efficiency.
Therefore, the algorithm is widely used in many image pre-
processing. The main disadvantage of this algorithm is
poor boundary fit, especially in complex areas. Shen [21]
and others will use the DBSCAN clustering algorithm to
apply superpixel segmentation tasks. The DBSCAN algo-
rithm can obtain regular superpixel very quickly, but it
cannot maintain the boundary well, and the number of
superpixel finally obtained is not controlled.

In 2018, Ban et al. proposed a superpixel generation
algorithm GMM (gaussian mixture model)[[22] based on
a Gaussian mixture model. The algorithm is based on the
Gaussian mixture clustering algorithm, and each super-
pixel block corresponds to a Gaussian function. And then
use the EM algorithm to solve the parameters of the Gaus-
sian function through the maximum likelihood estimation
method, and map the corresponding pixels in the image
to the Gaussian model to obtain the superpixel segmenta-
tion result. The superpixel boundary fitting performance
generated by this algorithm is better, but the shape of the
superpixel is irregular.

Zhang [23] and others also proposed an algorithm that

includes pixel boundary probability. Unlike us, the pixel
boundary probability function is only used to ensure the
regularity of superpixel. This algorithm can generate regu-
lar superpixel and superpixel boundaries can be very good.
The ground fits the image boundary, but this algorithm is
more time-consuming.

Giraud et al. and 2018 proposed a linear path-based
superpixel generation algorithm (scalp) [24], which is based
on the SLIC algorithm, which adds a linear path from the
pixel to the cluster center in the distance measurement
formula. The above color information improves the intra-
class uniformity of superpixel.

Xu et al. [3] proposed a robust divide-and-conquer su-
perpixel segmentation method to divide the input image
into flat and non-flat regions. Among them, the former tar-
gets shape regularity and the latter emphasizes boundary
observance. And the algorithm also adopts adaptive pa-
rameters. This algorithm can quickly generate superpixels
with stronger boundary adhesion and keep regularity.

3. The method

The algorithm in this paper is based on the K-means cluster-
ing algorithm. The algorithm mainly includes three parts:
firstly, the input image is processed by side window fil-
tering, and then K superpixel seed points are uniformly
initialized in the image in a regular hexagon manner as
the cluster center. Then use the newly designed distance
measurement formula to cluster the pixels, and use the new
cluster center update scheme to update the cluster centers,
and repeat the above process until convergence. Finally,
the small superpixel blocks are merged. The superpixel
generated by the algorithm in this paper can fit the image
boundary as low as possible, and the shape can be regular
in the flat area.

3.1. Side window filtering

There are extensive texture regions in natural images. The
sharp changes in the gradient of the texture region of the
image will result in irregular shapes of the generated super-
pixel. Therefore, it is necessary to perform proper filtering
preprocessing on the original image to smooth the texture
regions and improve the quality of superpixel generation.
In the filtering preprocessing step, if traditional filtering
methods such as Gaussian filtering are used, it will cause
edge blur, which will affect the quality of subsequent su-
perpixel generation. Here we use side window filtering to
solve this problem.

Side window filtering [25] is a local linear filtering that
combines edge preservation and texture smoothing. The
core idea of this algorithm is to treat all pixels to be pro-
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cessed as potential edge pixels, and to compare the edges
of the filter sub-window with the pixels to be processed.
Align to protect the edges of the image.If a given pixel i, pi

represents the pixel value, the side window filter will filter
by enumerating eight possible directions, and by minimiz-
ing the cost function of the difference between the input pi

and the output Iij(j = {1, 2, 3, . . . , 8}) and adaptively select
the best direction for filtering. The filtered image can be
expressed as Equation 1:

ISWF = arg min
∀Iij ,j∈[1,8]

∥∥∥pi − Iij

∥∥∥ (1)

Among them, ISWF represents the filtering result of the
side window of the pixel i, and Iij represents the filtering
result of the j direction of the pixel i. In the experiment,
the filter window radius is set to 4 , as shown in Figure
1(b), because the gradient of the texture area at the ripples
of the water surface changes greatly, and the superpixel
algorithm is sensitive to the gradient change when measur-
ing the distance, so it is generated in the texture area. The
superpixel are extremely irregular. Figure 1(c) is the result
of the superpixel generated after the side window filtering
process. Compared with the superpixel generated without
the side window filtering process, it can be seen that the su-
perpixel generated after the side window filtering process
can guarantee the fit the edge can be regular in the image
texture area.

3.2. Definition of distance measurement function

In the process of superpixel clustering, a pixel should be
classified into the category most similar to its nature. The
similarity is measured between the pixels and each category
through the distance measurement function. We define a
new distance metric to calculate the similarity between the
pixel point and the seed point. Formula 2 is the definition
of the new distance function. The distance publicity is com-
posed of two distance items, dW(x, k) and dL(x, k). dW(x, k)
is the distance term from the pixel point x to the cluster
center k based on the edge probability. This term maps the
gradient of the pixel point x to the boundary probability
through the boundary probability mapping function, and
assigns weights to the spatial distance item and the color
distance item according to the boundary probability. This
item makes the generated superpixel fit the edges more
closely. dL(x, k) is the penalty term based on the linear
path from the pixel x to the cluster center k. This item
is obtained by accumulating and summing the boundary
probabilities on the linear path from the pixel x to the clus-
ter center k. The distance measurement acts as a penalty
and further strengthens the uniformity of colors within the

superpixel. These two are introduced separately below.

D(x, k) = dW(x, k) + dL(x, k) (2)

3.2.1. Distance term based on marginal probability

Formula 3 is a distance term based on the edge probability,
where I(x, k) represents the color space distance between
the pixel point x and the cluster center k, and this term
is used to ensure that the internal color of the generated
superpixel is uniform. The color space distance term is
calculated by formula 4, where λ1 is a constant, dc(x, k) is
the Euclidean distance between the pixel point x and the
cluster center k in the CIELAB color space, the closer the
color of the pixel point x and the cluster center k is to I(x, k)
The smaller.

w(x) is the boundary probability function, which rep-
resents the probability that the pixel x falls on the image
boundary. This item assigns different weights to the color
distance item and the space distance item for different pix-
els, and the weight is determined by w(x). The greater the
probability that the pixel falls on the boundary, the color
distance between the pixel and the seed point should be
considered more in the clustering and division process of
this type of pixel, so as to ensure that the generated super-
pixel fits the edge of the image more closely.

Therefore, the color distance weight should be increased
at this time, and the spatial distance weight should be
reduced.

dW(x, k) =
(

1 +
w(x)

2

)
· I(x, k)+(

1 − w(x)
2

)
· C(x, k)

(3)

I(x, k) = e
dc (x,k)

λ1 (4)

C(x, k) = e
dp (x,k)

λ2 (5)

The aforementioned edge probability w(x) is obtained
by mapping the image gradient amplitude g(x) through
the edge probability function. The gradient magnitude of
the pixel can reflect the probability of the pixel falling on
the image boundary to a certain extent. Generally, the gra-
dient is small in the flat area of the image, and the gradient
is large at the edge of the image. Although the gradient am-
plitude can characterize the probability of a pixel falling on
the image boundary, the gradient information between dif-
ferent images is very different, and the gradient amplitude
has a large range, which makes it difficult to directly use
the gradient amplitude to characterize the probability of a
pixel on the edge. Therefore, we need a normalized func-
tion to reasonably map the gradient amplitude to obtain
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(a) (b) (c)

Fig. 1. (a) Original image (b) Original image superpixel generation result (c) Original image superpixel generation result.

the edge probability of the pixel.

w(x) =
1

1 + e−a[g(x)−b]
(6)

In this paper, the function shown in formula 8 is used
as the boundary probability mapping function, which is
obtained by shifting the sigmoid function by b units along
the x axis and performing stretching changes. As shown
in Figure 3, this function has good characteristics. It is
symmetric about the center of point (b, 0.5), and can map
the domain of [0,+∞) to the range of (0, 1)

And this function has dual threshold characteristics.
When the gradient amplitude of the pixel is in the range
of [0, t), it means that the gradient amplitude of the pixel
is too small. It can be considered that the pixel is not the
pixel at the edge of the image. At this time, the boundary
probability mapping function will change the gradient am-
plitude. The value is mapped to a value close to 0 ; when
the gradient amplitude of the pixel is within the range of
(T,+∞), it means that the gradient amplitude of the pixel
is large enough to be considered as a pixel at the edge of
the image, and the boundary probability function will map
it to close the value of 1 . In Equation 5, a and b are hy-
perparameters, and we can adjust the values of the two
thresholds a and b by adjusting the values of t and T.

The comparison in Fig. 3 illustrates the effect of this
item. As shown in Fig. 3(a), when the distance item with-
out weight function is used for measurement, the spatial
distance between the green pixel x and the seed point k2 is
much smaller than that to the seed point. The spatial dis-
tance of k1, that is C (x, k2) < C (x, k1), although the pixel x
is closer to k1 in the color space, that is I (x, k1) < I (x, k2),
the spatial distance gap is much larger than the color dis-
tance gap, which leads to the superpixel segmentation pro-
cess, the pixel point is too far away from the seed point The
problem that the color distance item is invalid at close time.
The weighted distance term mentioned in Equation 3 can
solve this problem. Equation 3 shows that when the pixel
x is located at the edge of the image, w(x) is larger, so that
the color distance term has a greater impact on the distance

Fig. 2. Normalization function.

measurement. The color distance term I(x, k) is the main
basis for the division of pixel x, so that the pixel x is di-
vided into more color In the similar class k1, the superpixel
boundary and the image boundary are further ensured.

3.2.2. Penalty term based on linear path

The linear path was introduced into superpixel segmenta-
tion by Remi Giraud [20]. It refers to the path taken by the
connection between two pixels. As shown in Figure 4, the
connection between the pixel point x and the cluster center
k passes through The pixels constitute a linear path Pk

x from
the pixel point x to the cluster center k.

∑x∈Pk
x

w(x) in formula 7 represents the sum of boundary
probabilities accumulated on the linear path from the pixel
x to the cluster center k, and λ3 is a constant. As shown in
Fig. 4, when passing the edge pixel x of the image, since
w(x) is larger, dL(x, k) is increased. That is, if the line from
the pixel to be divided to the cluster center crosses the edge
of the image, the distance term will increase. Therefore,
this item can restrict the line from the seed point to the
cluster center to cross the boundary of the object, and this
item further ensures the uniformity within the superpixel
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Fig. 3. Description of the boundary probability distance
term. (a) Superpixel generated without the boundary

probability distance term; (b) Superpixel generated using
the boundary probability distance term.

class.

dL(x, k) = e
Σ

x∈pk
x

w(x)

λ3 (7)

The ideal superpixel edge should be close to the edge
of the object in the image. However, in most cluster-based
superpixel generation algorithms, only considering the re-
lationship between a single pixel and the cluster center in
color space and location space, it may lead to The pixels are
incorrectly classified. As shown in Figure5, if the distance
metric formula 4 based on linear path penalty is not added
for clustering, then for the yellow pixel x, the blue cluster
center k is adjacent to it in spatial distance. The distance
is also similar to it. If only the distance term in formula 4
is used for distance measurement, the pixel x will be erro-
neously classified into the class to which the cluster center
k belongs.

When a penalty term based on a linear path is added to
the distance measurement formula, since the linear path
from x to k crosses the boundary of the image, the term

Fig. 4. Schematic diagram of linear path.

Fig. 5. Description of linear path penalty terms. (a)
Superpixel generated without adding this item; (b)

Superpixel generated by adding this item.

will increase, so that x and k measured by formula 3 The
distance between them increases, so that x will not be clas-
sified as k. Therefore, this item can make up for the defect
that the general distance measurement formula only con-
siders the information of a single pixel, and the linearity
between the pixel point and the cluster center The infor-
mation on the path is taken into account, which further
ensures the uniformity of the pixel properties within the
class.

3.2.3. Seed point update method

The superpixel generation algorithm based on K-means
uses the mean value of all pixels in the cluster to update the
cluster center when updating the cluster center. As a result,
each cluster center update process will be interfered by
pixels with low color space similarity to the cluster center,
which makes the update of the cluster center inaccurate
and affects the distance measurement in subsequent itera-
tions, resulting in the gradual accumulation of errors, and
ultimately resulting in inaccurate superpixel segmentation.
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Fig. 6. Superpixel generated using different seed point
update strategies (a) The result of using all pixels to

update the seed point (b) The result of using the weighted
average to update the seed point.

In order to solve this problem, the algorithm in this pa-
per uses a weighted average strategy to update the cluster
centers. First remove the pixels in the cluster that are too
low in color space with the cluster center according to the
three sigma principle, and then update the cluster center
in a weighted average manner, giving the cluster an unreli-
able degree of similarity to the cluster center. Pixels have
smaller weights to weaken their influence on the cluster
centers during the iteration process. The superpixel cluster
center can be obtained by formula 8.

Ck,i = ∑
x∈Φ(k,i)

wk,i(x)p(x) (8)

Φ(k, i) = {x | L(x) = k and |h(x)− µi| < 3σi} (9)

wk,i(x) =
e−[h(x)−hk ]

2

Z
(10)

Z = ∑
x∈Φ(k,i)

e−[h(x)−hk ]
2

(11)

In formula 8, Ck,i represents the k superpixel seed point
in the i iteration process, p(x) represents the color vector
(Lx, Ax, Bx) or position vector (r(x), c(x)) of the pixel point
x, and wk,i(x) represents the pixel point x during the i th
seed point x update process weights.

In formula 9, h(x) represents the gray level of pixel x, µi

and σi are the mean and variance of the gray values of

pixels within the class in the i iteration, and Φ(k, i) is the
cluster center after removing unreliable pixels according to
the three sigma principle k pixel collection.

Formula 10 is the weight function of the weighted av-
erage of the pixels within the class, hk represents the gray
value of the cluster center k, wk,i(x) can measure the gray
similarity of the pixel point x and the cluster center k, when
the two gray levels are more similar, the larger wk,i(x).Z is
the normalization parameter, so ∑x wk,i(x) = 1

According to statistical principles, 99.73% of the data
that conform to the normal distribution are within the in-
terval of three standard deviations from the average. In the
iterative update process, the pixels within the class and the
average gray value difference greater than three times the
standard deviation are eliminated according to Equation 9,
to ensure that more reliable pixels are used for seed point
update. Then the remaining pixels are weighted and aver-
aged using the weight function wk,i(x) based on gray-scale
similarity. The pixels with low color space similarity to the
seed points are given smaller weights, thereby reducing
the effect caused by the iteration process. interference.

Figure 6 shows the results of superpixel generated using
different seed point update strategies. Figure 6(a) is the
result of using all pixel update methods. It can be seen
that color unevenness occurs in this type of cluster. This
is because in the initial iteration, the black area Ω is erro-
neously classified into the superpixel k. The color space
of this area and the cluster center is quite different. When
the cluster center is finer, the cluster center is in the color
space. The value of is the mean value of the pixels in the
black area Ω and other areas in the cluster, so the cluster
center is disturbed by the black area Ω, causing the update
result to be inaccurate. Furthermore, in the next iteration,
the distance measurement from the pixel point to the clus-
ter center is inaccurate. As the iteration error gradually
accumulates, the resulting superpixel cannot be closely at-
tached to the edge of the image. Figure 7a is the result of
using the weighted average update method. In the update
process of Figure 7b, according to formula 8, the pixels
with low similarity to the cluster center are eliminated, and
then according to the pixel point and the cluster center
The similarity of the gray-scale features gives the pixels
corresponding weights, so in the process of cluster center
iteration, it can be less interfered by abnormal pixels, and
the final generated superpixel can be closer to the edge of
the object.

3.3. The method steps

The superpixel segmentation method in this paper is
mainly divided into the following three steps:
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Fig. 7. Comparison of superpixel vision generated by different superpixel algorithms.

1. In order to improve the quality of the superpixel gen-
eration in the texture area, the image is preprocessed

by side window filtering to smooth the texture area
while maintaining the edges.
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2. K initial seed points are uniformly generated on the
image in a regular hexagonal manner. In order to
avoid the seed points from falling on the boundary,
they are moved to the pixel point position with the
smallest gradient value in the eight neighborhoods.
These seed points are used as the initial Superpixel
cluster center.

3. The process of superpixel generation is the process of
marking all pixels in the image. In this paper, the dis-
tance formula defined by formula 2 is used to measure
the distance from the seed point to the cluster center,
and the pixel is marked as the label of the superpixel
with the shortest distance from it. After the marking
is completed, formula 8 is used to update the cluster
centers. Repeat the above process several times until
the superpixel converge. After the iteration is over,
the superpixel area adjacent to the isolated pixel is
merged.

4. Experimental results and analysis

We will use this algorithm and the current mainstream su-
perpixel algorithm to conduct a comparative experiment
to verify its effectiveness. This section compares the al-
gorithms proposed in this paper with ERS [13], SLIC [20],
DBSCAN [21], SSBC [23], Turbopixel [26], LSC [27], WSS
[28] and other algorithms. The results are calculated using
open source codes online and using their default config-
uration parameters. Among them, SLIC, LSC, DBSCAN,
SSBC, and WSS are all superpixel segmentation algorithms
based on clustering, while ERS and Turbopixel are super-
pixel algorithms based on graph cutting. The data set used
in this section is the Berkeley Segmentation Database [29],
which contains the test set, training set and val set. The
three sets contain 200 images, 200 images and 100 images
respectively. The data set contains two resolution images,
481 x 321 and 321 x 481, each image has a corresponding 6
artificially labeled segmentation results (ground truth).

This section first compares the visual effects of several
superpixel algorithm segmentation results to point out their
respective advantages and disadvantages, and then intro-
duces several commonly used indicators for judging the
performance of superpixel segmentation algorithms, and
proves the algorithm by analyzing objective experimental
data and various indicators. Finally, the algorithm in this
paper is compared with the other algorithms mentioned
above in the task of saliency detection to further verify
the accuracy of the algorithm in this paper. All tests in
this section are completed under the following parameter
configuration, a=3, b=8, λ1 = 0.4, λ2 = 2, λ3 = 0.25.

4.1. Subjective visual comparative analysis

Figure 7 shows the superpixel results of DBSCAN, ERS,
LSC, SLIC and our algorithm. It can be seen from Figure 7
that compared with LSC, ERS, SLIC and DBSCAN using
fixed weights, the superpixels generated by our algorithm
can better fit the image boundary and maintain regular.
This is because our algorithm can assign different weights
to its attributes according to the size of the boundary prob-
ability at the pixel when calculating the distance between
the pixel and the seed point. Moreover, the pixel point
information passing through the line connecting the pixel
point and the cluster center is considered comprehensively
when calculating the distance measure. Due to the fixed
weights, these algorithms make a trade-off between bounds
fitting and shape regular. The more regular the generated
superpixels are, the harder it is for the boundaries of the
superpixels to fit the image boundaries. The higher the de-
gree of fit between the generated superpixel boundary and
the image boundary, then the superpixel must be difficult
to ensure regularity. For example, although the superpixels
generated by the entropy rate-based superpixel segmen-
tation algorithm ERS can also closely fit the edge of the
image, the shape of the superpixels generated by this algo-
rithm is the most irregular compared with other algorithms.
The superpixels generated by the DBSCAN and SLIC algo-
rithms have the most regular shape, but their boundaries fit
poorly. LSC has made improvements on the basis of SLIC,
taking into account both boundary fit and regular shape,
but there is still room for improvement in its boundary
fit. Compared with these algorithms, our method achieves
better results in boundary fitting and shape regularization.

4.2. Numerical comparison

In order to objectively quantify the quality of superpixel
generated by the superpixel generation algorithm, schol-
ars have proposed several evaluation criteria, including
Boundary recall (BR, edge recall rate), under segmentation
error (UE, under segmentation rate), and achieveable seg-
mentation accuracy (ASA, Segmentation accuracy) is the
evaluation index of three commonly used superpixel gen-
eration algorithms. This section uses these three indicators
to evaluate the method in this paper and other superpixel
methods.

The boundary recall rate (BR) is an important indicator
used to measure the degree of fit between the superpixel
and the image boundary. It calculates the proportion of
the artificially labeled ground truth that falls within the λ

pixel width area around the superpixel boundary, and λ is
usually taken as 2. The higher the value of BR indicates that
the superpixel generated by the algorithm can be closer to
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Algorithm 1: Basic steps of superpixel generation algorithm
Input: Image I, The expected number of superpixels to generate K
Output: All pixel markers
1. Side-window filtering is performed on the input image.
2. K initial seed points are evenly generated on the image in the form of a regular hexagon.
3. Repeat
4. According to formula 2, each pixel is divided into the category closest to it.
5. Update the superpixel clustering center according to formula 8.
6. Until Superpixel convergence
7. Merge smaller superpixels according to the principle of closest color.

the edge of the image.
The under-segmentation ratio (UE) can be used to

measure the proportion of pixels that are not accurately
identified in the segmentation result of the super-pixel
generation algorithm relative to the ground truth. The
standard segmentation of an image is area {Gi | i =
1, 2, · · · , M}, and a superpixel is segmented into super-
pixel {Sl | l = 1, 2, · · · , K}, the USE calculation formula of
the whole image is shown in formula 12 :

USE =
1
N

 M

∑
i=1

 ∑
{Si ||Si−Gi |>B}

Area (Sl)

− N

 (12)

Where N is the number of all pixels, Area (Sl) is the area of
the superpixel Sl , and B is the area of the smallest number
of overlapping regions. In this article, set B to 5% of Area
(Sl). The smaller the USE value means that more objects
are recognized in an image.

Segmentation accuracy (ASA) is used to judge whether
the object in the image is correctly identified. In other
words, ASA calculates the highest recognition rate by label-
ing each superpixel with the standard segmentation with
the largest overlap area. This metric is defined as shown in
Equation 13. The larger the ASA value, the more correctly
identified objects in an image.

ASA =
∑ll

argi max |Sl ∩ Gi|
∑i |Gi|

(13)

Figure 8 shows the numerical comparison of different
algorithms. As shown in Figure 8(a), it can be seen that the
algorithm proposed in this paper has obvious advantages
in edge recall rate compared with other algorithms. The
reason is that the distance measurement formula designed
in this paper passes Add a weight function item to the
original distance measurement formula to assign different
weights to its color information and spatial information
according to different pixels, so that the pixels at the edge
use the color distance as the main classification basis when
clustering, so the generated Superpixel can closely fit the
image boundary. In addition, in the distance formula, the
accumulation of boundary probabilities on the line from
the pixel to the cluster center can punish the behavior of

clustering across the boundary of the object, which further
improves the boundary fitting rate.

Table 1 shows the numerical results of BR, ASA, and UE
obtained by the algorithm of SLIC, LSC, Turbopixel, ERS,
DBSCAN, SSBC, and WSS on the BSD500 data set when
the number of superpixel is 500. When the number of su-
perpixel is 500, the algorithm proposed in this paper can
achieve the best results on the three indicators of BR, ASA,
and UE. This shows that compared with the superpixel
generated by other algorithms, the superpixel generated
by the algorithm in this paper are more able to paste. Inte-
grating the image boundary, the superpixel generated by
this algorithm can be correctly identified more objects in
the image.

Figure 9 shows the running efficiency of the different
algorithm. It can be observed that the running time of our
algorithm is better than that of LSC, TP, ERS, and SSBC
methods, and under the same order of time, our algorithm
achieves better results.

5. Conclusion

In this paper, we propose a boundary-preserving algorithm
for superpixel segmentation. The core idea is to use a new
distance metric function to assign different weights to the
color distance items and spatial distance items of different
pixels, so that the superpixels fit the boundary in the image
boundary area and have a regular shape in the flat area.
In addition, we also designed a new cluster center update
strategy to reduce the interference of abnormal pixels on the
cluster center update, thereby improving the accuracy of
the cluster center update. Compared with current methods,
the superpixels generated by our algorithm can better fit
the image boundary and keep the regular shape. In the
future, we consider using a new generation strategy to
further improve the boundary fitting effect of superpixels
and enhance the regularity of superpixels. For example, the
whole image is adaptively divided into different regions,
and different strategies are adopted for different regions.
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(a) BR (b) UE (c) ASA

Fig. 8. Numerical comparison of different algorithms. (a) BR index comparison; (b) UE index comparison; (c) ASA index
comparison.

Table 1. Experimental data of different algorithms on the BSD500 data set when the number of superpixel is 500.

SLIC LSC TP ERS DBSCAN SSBC WSS Ours
BR 0.883 0.935 0.790 0.939 0.907 0.916 0.949 0.953

ASA 0.957 0.963 0.951 0.962 0.955 0.958 0.961 0.963
UE 0.209 0.185 0.225 0.183 0.211 0.201 0.183 0.181

Time(S) 0.0874 0.301 3.9671 0.8988 0.0564 2.1675 0.2358 0.2642

Fig. 9. Running efficiency of the different algorithm.
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