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Abstract: It is an urgent problem to know how to quickly and accurately measure the length of
irregular curves in complex background images. To solve the problem, we first proposed a quasi-
bimodal threshold segmentation (QBTS) algorithm, which transforms the multimodal histogram into
a quasi-bimodal histogram to achieve a faster and more accurate segmentation of the target curve.
Then, we proposed a single-pixel skeleton length measurement (SPSLM) algorithm based on the
8-neighborhood model, which used the 8-neighborhood feature to measure the length for the first
time, and achieved a more accurate measurement of the curve length. Finally, the two algorithms
were tested and analyzed in terms of accuracy and speed on the two original datasets of this paper.
The experimental results show that the algorithms proposed in this paper can quickly and accurately
segment the target curve from the neon design rendering with complex background interference and
measure its length.

Keywords: irregular curves; quasi-bimodal threshold segmentation; single-pixel skeleton; length

measurement

1. Introduction

As cities develop, energy-saving and environmentally friendly neon lights have be-
come a meaningful way to enhance the image of a city [1,2] and an essential part of the
urban night scene [3]. Although the patterns vary in style, the vital elements are all irregular
curves. Measuring the length of the distinctive curves that make up the pattern from the
neon design renderings is necessary before production. It significantly improves efficiency,
saves raw materials, and guides production. In addition, in the field of construction work,
measuring and analyzing the number and length of cracks on building surfaces based
on captured pictures of bridges, tunnels, roads, and other facilities is a significant way
to assess their risk and quality [4,5]. Since there are various background interferences in
addition to the target curve in the design drawings and captured pictures, it is of great
significance in engineering practice to measure the length of the curves in the images with
background interference.

Since separating the background noise from the binarized image is difficult, it is nec-
essary to remove the noise interference before the length measurement. The traditional
segmentation method is manual tracing, which has low measurement efficiency and sig-
nificant error in the results. The blue light and ultraviolet rays from the computer screen
will cause damage to the staff’s eyes [6,7]. With the development of computer technology,
image segmentation technology to segment and extract target curves in design drawings
has gradually become a better way to replace manual tracing. Threshold segmentation is a
technique with the most straightforward principle and the most comprehensive application
range in image segmentation technology. Two classical threshold segmentation algorithms,
the bimodal method [8] and OTSU [9], directly perform image segmentation according to
the grayscale difference between the target and the background. The principle is simple,
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but it only considers the target segmentation under a single background, and the segmen-
tation effect on images with complex backgrounds is poor. AL-Smadi et al. proposed a
foreground bimodal segmentation algorithm based on the bimodal algorithm. The algo-
rithm can accurately segment images in urban traffic scenes, but the operation steps are
cumbersome, and the algorithm’s complexity is very high [10]. Researchers combined the
classical OTSU algorithm with the grayscale histogram and proposed a new unsupervised
segmentation algorithm. The algorithm runs quickly, but the main application scenario is
the rough estimation of the target, and the segmentation accuracy is low [11]. In addition,
some researchers improve the OTSU algorithm by modifying the weight factor [12,13].
Compared with the foreground bimodal segmentation algorithm, these improved methods
maintain a lower time complexity and improve the segmentation accuracy to a certain
extent. However, it is only suitable for images with less background interference, and the
accuracy of target segmentation is low in images with more complex backgrounds. The
algorithms in [11-13] all belong to improved OTSU segmentation algorithms, which are
relatively common in complexity compared to the algorithm in [10]. Still, none of them
solve the problem of low accuracy when extracting targets from complex backgrounds.

After getting the target curve, the next step is to measure the length. There are
two ways to measure the length of irregular curves: direct measurement and indirect
measurement. Direct measurements generally begin with the refinement of the curve to
obtain a single-pixel skeleton. Then the line length is measured by measuring the size of the
single-pixel structure. Many researchers have investigated direct measurement methods.
Kim et al. proposed using the coordinate difference between the two endpoints of the crack
skeleton in the X or Y direction as the measured value when measuring the length of the
concrete fracture area. This method is suitable for a rough estimate of extent, but cannot
accurately measure fracture length [14]. Then, after obtaining the single-pixel skeleton of
the target curve, the researchers first received the total number of pixels on the structure
by counting or integrating, and then multiplied the length of a single pixel to calculate
the size of the curve [15-17]. This method is simple in logic and easy to implement, but
oversimplifies the problem, resulting in low calculation accuracy. To further improve the
accuracy, the researchers improved the method which was used in the literature [15-17] by
enhancing the integrand [18], introducing the idea of displacement [19,20], and classifying
the pixels [21,22]. Although the angle of improvement is different, these methods essentially
use “1” and “+/2” to replace the length represented by a pixel and calculate the total distance
by accumulating the sizes of all pixels on the skeleton. These methods embody the idea
of classification and improve measurement accuracy to a certain extent. However, the
measurement accuracy still needs further improvement. In addition to directly measuring
the length of the curve through the single-pixel skeleton, researchers also use indirect
measurement to measure the length. Some researchers use image thinning to extract the
edges of the original curve and use half the length as a measurement [23,24]. Due to
the cumbersome steps in this method, the algorithm is complex and time-consuming.
The measurement methods proposed in the above literature have low accuracy or time-
consuming extended defects. A new measurement method with low complexity and high
accuracy is urgently needed.

To improve the speed and accuracy of curve segmentation and length measurement,
we first convert the “multimodal histogram” into a “quasi-bimodal histogram” to quickly
determine the threshold and segment the target curve. Then we refine the curve and
accurately calculate the length of the skeleton through the 8-neighborhood features of the
pixels on the structure. Finally, we calculate the length of the target curve through the size
transformation. The main contributions of this paper are as follows:

(1) We propose the QBTS algorithm based on a grayscale histogram, which can quickly
and accurately segment the target curve from the neon light design renderings with
background interference.

(2) We propose the SPSLM algorithm based on the 8-neighborhood model, which im-
proves the accuracy of irregular curve length measurement.
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(3) We constructed three new image datasets for performance testing of the two pro-
pose algorithms.

The rest of the paper is organized as follows. The steps of the proposed method are
described in Section 2. Section 3 discusses experiments on two original datasets in this
paper and analyzes the experimental results. Section 4 summarizes the work of this paper.

2. Proposed Method

Given a design rendering, we propose a curve segmentation and length measurement
method, as shown in Figure 1. The method includes three steps: “Image Preprocessing,”
“Threshold Segmentation,” and “Length Measurement.” We first obtain the grayscale image,
get the segmentation threshold, and measure the length according to the curve skeleton.
The method is described in detail below.

Image A Curve 3 Length
Preprocessing Extraction Measurement

Curve refinement

!

Skeleton length
measurement

}

Size transformation

‘ Color space ’

Get grayscale
conversion

distribution chart

v
L Channel separation

A 4

& Grayscale
processing

threshold

‘ Get segmentation |

Figure 1. Steps of the proposed method.

2.1. Image Preprocessing

The object of the preprocessing is the original neon design rendering. The goal of
the preprocessing is to obtain a grayscale image for threshold segmentation, including the
three main steps of color space conversion, channel separation, and grayscale processing.

2.1.1. Image Color Space Conversion

On the one hand, the color space description should conform to the visual perception
characteristics of the human eye, and on the other hand, it should be convenient for image
processing. The design renderings are usually in RGB color space, but the color space is
a non-uniform color space [25]. The color of pixels in this color space are far from the
perception of human eyes, so it is not suitable for color image segmentation. However,
the HSV color space is a uniform color space that reflects the human visual perception of
color. Its V component has nothing to do with the color information of the image, and
the H and S components are closely related to the way people perceive color. Therefore,
images are converted from RGB color space to HSV color space by linear or non-linear
transformations [26].

We can convert the (R, G, B) coordinates of a point in RGB color space to (H, S, V)
coordinates in HSV color space using the following formula:

arccos{ (R= O+ r ¢ B<G
[R = G)?+(R - B)(G — B)]?

21 — arccos{ [(R - G)+557] } B>G
[(R — G)?+(R - B)(G — B)]

H= 1)

NI
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max(R, G, B)— min(R, G, B)
S= ()
max(R, G, B)
v :max(R, G, B) 3)

255
Images before and after the conversion of a design drawing are shown in Figure 2.

(@) (b)

Figure 2. A rendering of a neon design before and after color space conversion: (a) The design

rendering under the RGB color model; (b) The design rendering under the HSV color model.

2.1.2. HSV Image Channel Separation and Grayscale Processing

Channel separation is the separating of a multi-channel composite image into multiple
single-channel photos. Each single-channel image represents a feature of the multi-channel
composite image. The HSV image consists of three single-channel images of H, S, and
V, representing the three characteristics of the image’s Hue, Saturation, and Value. In
the neon design renderings, the target line representing the neon light strip is brighter
than the background noise, so we can select the V-channel image, representing the feature
of “brightness,” to remove the background noise. The three single-channel images after
channel separation are shown in Figure 3.

(a) (b) (c)
Figure 3. Three single-channel images: (a) The H channel image; (b) The S channel image; (c) The V

channel image.

Although the V-channel image obtained by channel separation can be used as a
grayscale image, the image quality is low. To obtain a high-quality grayscale image, the
common method is to use RGB as an intermediate and use the following equation to
perform grayscale processing.

Gray(x, y)= 0.299R(x, y)+0.587G(x, y)+0.114B(x, y) 4)

where Gray(x, y) represents the grayscale value of the pixel, whose coordinates are (x, y)
on the image after grayscale processing, and R(x, y), G(x, y), and B(x, y) represent the
pixel’s R, G, and B channel components. The result of the grayscale processing is shown in
Figure 4.
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Figure 4. Grayscale image of the V-channel.

2.2. Curve Extraction

Due to the variety of background interference in the neon light design, the grayscale
histogram presents multimodal characteristics. Since the brightness of the target curve is
higher than the background noise, the peaks of the target curve are always located at the
far right of the histogram, and we can regard the remaining peaks as “background peaks.”
The entire histogram presents a “quasi-bimodal” feature.

This paper proposes a QBTS algorithm based on the “quasi-bimodal” feature of the
grayscale histogram. The algorithm mainly includes obtaining the grayscale distribution
chart and the segmentation threshold. We first obtain the grayscale histogram of the
grayscale image and use the sliding smoothing filter to convolve it to get the grayscale dis-
tribution map, and then obtain the segmentation threshold by analyzing the characteristics
of the peaks and troughs in the grayscale distribution chart. The specific implementation
steps are shown in Figure 5.

[ Get grayscale histogram ]

Get Grayscale
Distribution Chart 4

‘ Get the grayscale distribution chart ’

{ [ Mark all peaks and troughs ] k
Get
Segmentation [ Mark the "target peak" and the "background peak” ’
Threshold l
‘ Select the “special trough” as the threshold ] ;

s
L

Figure 5. Implementation steps of the QBTS algorithm.

2.2.1. Get Grayscale Distribution Chart by Sliding Filter Method

Perform a histogram analysis in Figure 4, and obtain its grayscale histogram as shown
in Figure 6. The x-axis represents the grayscale value, and the y-axis represents the total
number of pixels corresponding to each grayscale value in the grayscale image. Assuming
that Ny, p56] is the histogram vector of the grayscale image, [1 x 256] is the size of the
histogram vector, and n; represents the number of pixels whose grayscale value is i, then

Ni1x256 = [Mo, N1, ng, N3, ... Np54, Noss| &)
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Figure 6. Histogram of grayscale.

The grayscale histogram has many spikes, so it is filtered by sliding average, and
a suitable convolution kernel is selected for linear convolution to make the grayscale

histogram smoother. The convolution kernels chosen in this paper are

1 1 1 1
H[lXZO] - %, E, % ...... 20 (6)

The smoothed new histogram vector is
@)

!/ _ !/ / / ! ! /
[1x256] = [ng, nj, ny, ng, ... N5y, Nos5]

The elements n] in the new histogram vector satisfy the following formula:

19
L i1 Hjpag) K], 0<i <236

/

1 255—i i+237 . .
kg ni+k'H[1 ><20] [k] -+ kgo nkH[l ><20] [255 — 1+ k] 237 S 1 S 255

The grayscale distribution after the smoothing process is shown in Figure 7.

8
8

PP

8
8

Number of pixels
]
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*
*
*
*
*
*
*
*
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*
*
i
0

100 150 20 250
Grayscale value

Figure 7. Distribution chart of grayscale.
2.2.2. Get the Segmentation Threshold by the Quasi-Bimodal Characteristics of the Gray
Distribution Chart
After obtaining the grayscale distribution of the V (Value) channel image, the seg-
mentation threshold is obtained according to the basic idea of the bimodal method. First,
mark the “target peak” and the “background peak” in the grayscale distribution chart,
and then select the trough between the two peaks as the threshold. Since the “value” of
the target curve is the highest, the rightmost peak in the grayscale distribution graph is
marked as the “target peak.” Then the mountain with the most prominent peak among
the remaining peaks is chosen as the “background peak.” When there is more than one
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trough between the “target peak” and the “background peak,” the trough that is closest to
the “target peak” and whose amplitude is less than the average of all the troughs is marked
as the threshold value.

According to the above steps, mark the “target peak,” “background peak,” and “thresh-
old value” in the grayscale distribution diagram, as shown in Figure 8. As can be seen
from Figure 8, the “target peak,” “background peak,” and “threshold” are “245”, “97,” and

“208,” respectively.

Background Peak

4000 4

*
*
*
*
*
*
*
*

3000

2000 4 Target Peak

Number of pixels

1000

50 100 150 200 250
Grayscale value

i
0
Figure 8. Location of “Background Peak,” “Target Peak,” and “Threshold” in the grayscale distribu-
tion chart.

We segment Figure 4 with the threshold marked in Figure 8 and get the target curve,

as shown in Figure 9.

Figure 9. Binary image segmented by QBTS algorithm.

2.3. Length Measurement
2.3.1. Curve Refinement

The image refinement of the binary image obtained by threshold segmentation can
obtain the single-pixel skeleton of the target curve. We use the improved Zhang-Suen
refinement algorithm to refine the target curve [27]. On the one hand, the algorithm
has simple logic and a fast running speed. On the other hand, it also overcomes the
disadvantage of missing some pixels in the traditional Zhang-Suen algorithm, resulting in

partially refined textures that are not single pixels.
Using this algorithm to refine Figure 9, we can obtain a single-pixel skeleton image, as

shown in Figure 10.

2.3.2. Skeleton Length Measurement

After obtaining the single-pixel skeleton of the target curve, the method of directly
counting the number of pixels as the skeleton length has a large error [15-17]. To improve
the measurement accuracy, this paper proposes a single-pixel skeleton length measurement
(SPSLM) algorithm based on the 8-neighborhood model. We can label the 8 pixels adja-
cent to the pixel p; and use the schematic diagram shown in Figure 11 to represent the
8-neighborhood model of p;. The specific implementation steps are shown in Figure 12.
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Figure 10. The single-pixel skeleton of the target curve.

Po P2 P3
Ps P1 Pa
P7 Ps Ps

Figure 11. The 8-neighborhood model of pixel p;.

| Mark all the foreground pixels, denoted as p; }

l

|') Calculate the 8-neighborhood parameters 1
of py: B(EJ}) LN .C

i Calculate the length of pixel p, according toB(p,). N . C, 7 1
denoted as L, |

‘ Add the lengths of all pixels on the skeleton 1

Figure 12. Steps of single-pixel skeleton length measurement algorithm.

B(p;), N, and C are three parameters determined by the 8-neighborhood of p,, as
shown in Figure 12. B(p ) represents the number of foreground pixels in the 8-neighborhood
of p;. N and C represent the number of foreground pixels among the 4 pixels directly
adjacent and diagonally adjacent to p,, respectively.

According to the 8-neighborhood model of p; shown in Figure 11, B(p;), N, and C
can be represented by the following equations.

B(p;)= Py+P3+P4+P5+PstP7HPs P9
N = p,+ps+Pe+Ps )
C = p3+ps+p;+Pg

Next, we discuss the connection between Ly, and the three parameters of B(p;), N,
and C. It is important to note that the following discussion of the distribution of pixels in
the 8-neighborhood of pixel p; has removed the situation that meets the labeling conditions
of the improved Zhang-Suen refinement algorithm. Among them, A denotes the length of
a single pixel, B denotes the diagonal measurement of a single pixel, and L, denotes the
actual length represented by the pixel p;.
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According to the different values of B(p ), the 8-neighborhood model of p, is classified
and discussed. The model diagrams are shown in Appendix A.

e IfB(p;)=1, as shown in Figure A1, then there are

Nzl,CzO:Lplzl * A+0 x B
= Lp,=Nx* A+C «x B (10)

N:O,Czlszlzo * A+1 % B
e If B(p;)= 2, as shown in Figure A2, then there are
N=2C=0:L,=2%%+0x

N=1C=1:L,=1%%5+1x
N=0,C=2:L,=0x%%5+2x

A B

NI NS N

e If B(p;)= 3, as shown in Figure A3, then there are

N=3C=0:L,=2%x240x%2
P D N > C:Lp=2%44+0%8
N=2C=1:L,=2%5+0% 3 1 A B
N—1Ce2:L _1*A+1*E:> O<N<C.Lp1—1*2+1>k2 (12)
- e S 2 2 _ . _ A B
2 : N =0:L,=0x%454+2%3
N=0C=3:L,=0x5+2%7 1

e If B(p;)=4, as shown in Figure A4, then there are

N=4C=0:L,=2%5+0x

N=3 C=1:Lp=2%5+0% N > C:Lp=2%5+0x

NI NITE NI NI N5

B
2
N=2C=2:L=1x5+1%5 = {N = C:Lp=1+4+1%8 (13)
N:1,C:3:Lp120*%+2* N<O:Lp1:0*%+2*%
N=0,C=4:L,=0%5+2x
e If B(p;)= 5, as shown in Figure A5, then there are
N=4,C=1:Lp=2x%5+0%3
N:3,C:2:Lp1:2*%+0*%:> N > C:Lp=2%%540x3 "
N=2C=3:Lp,=0%5+2%3 N < C:Lp=0%5+2%3
N=1C=4:L,=0x45+2x%3
e If B(p;)= 6, as shown in Figure A6, then there are
N=4C=2:L,=2%5+0% 3 N > C:Lp=2%%5+0x2
N=3C=3:Lp=1+4+1x8 o IN=C:L,=1+5+1x5 (15)
N=2C=4:Lp,=0%5+2%3 N < 0:Lp=0x45+2x5
e If B(p;)="7, as shown in Figure A7, then there are
N:4,C:3:Lp1:2*%+0*%:> N > C:Lp=2%5+0x5 6
N:3,C:4:Lp1:0*%+2*% N<C:Lp1:0*%—|—2*g

e If B(p;)= 8, as shown in Figure A8, then there are

A B A B
N=4C=4:Lp=0x 5425 5 = Lp=0x 742 5 (17)
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Traverse the single-pixel skeleton image and assume that the number of pixels that
satisfy the condition of B(p,)= iis N;j and the pixel length of the target curve skeleton is
Ltp, then there is the following formula:

8 Nj
Lep =) ) Ly, (18)
=11

2.3.3. Size Transformation

Assumption o represents the scale factor of the pixel size to the actual size in cm/pixel.
Set the length of a single-pixel A to “unitl”, then the proper length of the pixel skeleton
can be calculated by the following formula.

8 N;

L= o x Lyp=oa x ) Y Ly (19)
i=1 1

3. Experiments and Results

This section shows the experimental results of the proposed QBTS algorithm and
SPSLM algorithm on the original datasets and compares them with the results of other
algorithms. Furthermore, all experiments were performed on an Intel Core i5-9400 2.9 GHz
desktop with 8 GB of RAM.

3.1. Performance Metrics

To evaluate the proposed method, we choose accuracy and running speed as evalua-
tion metrics. The segmentation accuracy of the QBTS algorithm is defined as Accg = %,
where Ngame represents the number of pixels with the same pixel value in the binary image
obtained after image segmentation by the QBTS algorithm and the binary image of the
standard segmented image, and Ny, represents the total number of pixels. According to
the expression of Accg, its range is [0, 1]. The measurement accuracy of the SPSLM algo-
rithm is defined as Accy = ]i—l;’l, where Ly represents the length measurement value of the
SPSLM algorithm, and Ly represents the reference value obtained by manual measurement.
Since Ly is a manual measurement value, there is also a particular error, so in some cases,
the value of Accyy may be greater than 1. For the entire dataset, the closer Accy is to 1, the
higher the measurement accuracy of the SPSLM algorithm.

In addition, the running speed of an algorithm is usually measured in terms of running
time. The shorter the time it takes for the algorithm to complete the segmentation or length
measurement, the faster it is.

3.2. Dataset

We conduct experiments on three original datasets to analyze these two algorithms
accuracy and running speed. Additionally, all images are less than 2000 x 2000 in size and
have different pixel dimensions.

Mini. This dataset contains 12 original neon design renderings, as shown in Figure 13.
In addition, the dataset also includes 12 standard target curves that were segmented
manually by multiple researchers. This dataset is used to test the segmentation accuracy of
the QBTS algorithm.

7
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Figure 13. Neon design renderings included in the mini dataset.

Neon Rendering. This dataset contains 198 images, all sourced from the Internet.
These images are actual neon design renderings with patterned curves and backgrounds
with many types of noise inside. This dataset is used to test the running speed of the
QBTS algorithm.

Neon Curve. This dataset contains 139 images of neon pattern curves without noise
interference and 139 corresponding single-pixel skeleton images. Hunan Kangxuan Tech-
nology Co., Ltd. provides the original images and the corresponding curve length value.
The single-pixel skeleton image is obtained by refining the original picture through the
improved Zhang-Suen algorithm. This dataset is used to test the measurement accuracy
and running speed of the SPSLM algorithm.

3.3. Experimental Results
3.3.1. Performance Analysis of the QBTS Algorithm

e  Accuracy of Segmentation

To test the segmentation accuracy of the QBTS algorithm, we compared it with the
OTSU algorithm and the bimodal method. We used three threshold segmentation algo-
rithms to segment the images of the mini dataset, and the experimental results are shown
in Figure 14. Each image segmentation result consists of four images. From left to right are
the original image, the binary image of the standard target curve, and the binary image
obtained by dividing the QBTS algorithm, the OTSU algorithm, and the bimodal method,
respectively. It can be seen intuitively from Figure 14 that the similarity between the binary
image segmented by the QBTS algorithm and the standard binary image is the highest. The
images segmented by the other two algorithms still have varying degrees of noise inter-
ference, and even the target curve cannot be seen in some segmented images. The results
show that the segmentation result of the QBTS algorithm is better, and it can accurately
remove noise interference and segment the target curve.

To conduct a more accurate quantitative analysis of the segmentation accuracy of
the QBTS algorithm, we calculated the segmentation accuracy of the three algorithms
according to the definition of Accg, as shown in Figure 15. The ordinate in the figure is the
segmentation accuracy of the three algorithms.
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Figure 14. The original images, the standard binary images and the binary images are obtained by
dividing by the QBTS algorithm, the OTSU algorithm, and the bimodal method, respectively.

120 ~
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] 25%~75%
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— Median Line
= Mean
20 - +  Qutliers
0 T T I
QBTS oTsu Bimodal

Figure 15. Comparison of accuracy of three threshold segmentation algorithms.

The results show that the average segmentation accuracy of the QBTS algorithm is
97.9%, much higher than the 89.6% and 64.4% of the other two algorithms. At the same time,
the distribution of the segmentation accuracy of the algorithm is also more concentrated,
indicating that the QBTS algorithm has higher robustness. At the same time, we also
noticed that the segmented images obtained using the QBTS algorithm are not entirely
accurate. There are two main reasons for this: on the one hand, the QBTS algorithm belongs
to the global threshold segmentation algorithm and can’t segment all the boundaries of the
target curve very finely and accurately. On the other hand, researchers manually segment
the reference images of the dataset, and in this process, errors will inevitably occur and
affect the experimental results.

e  Running Speed of QBTS Algorithm

In addition to testing segmentation accuracy, this paper also conducts experiments on
the running speed of the QBTS algorithm on the Neon rendering dataset. Figure 16 shows
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the time required for each of the three algorithms to segment images in the dataset Neon
rendering. To compare the segmentation speed more intuitively, we calculated the ratio of
the time required by the QBTS algorithm and the OTSU algorithm for segmentation to the
time needed for the Bimodal algorithm, as shown in Figure 17.

2 I 25%~75%
T Range within 1.5IQR

191 — Median Line .
= Mean

84 + Outliers

)
[}]
E
c 61
o * .
_.g 4] % . .
[ + *
E . + hd
g 2 :
’ —

04

s T T T

QBTS OoTSsuU Bimodal

Figure 16. Comparison of running time of three threshold segmentation algorithms.
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S 80
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o
E + I 25%~75%
¢ 607 T Range within 1.51QR
e — Median Line
o = Mean
2 40 1 p4 +  Qutliers
20 T T T
QBTS/Bimodal OTSU/Bimodal Bimodal/Bimodal

Figure 17. The ratio of running time for the QBTS algorithm, OTSU algorithm, and bimodal algorithm.

We can see from Figure 16 that the time consumed by the QBTS algorithm to segment
images is generally shorter than the other two algorithms. In addition, the figure has some
discrete points outside the 1.5IQR range. The main reason is that the time complexity of
the QBTS algorithm is O(mn), where m x n represents the size of the image. The running
time is closely related to the image size, so some images with larger sizes will take longer
to process. We can see from Figure 17 that the average values of the split time ratios of
the OTSU algorithm, the QBTS algorithm, and the Bimodal algorithm are 0.98 and 0.47,
respectively. It shows that for the same image, the segmentation time of the QBTS algorithm
is shorter, the segmentation speed is faster, and the segmentation speed has increased by
about 50%.

To compare the performance of these three image segmentation algorithms more
intuitively and clearly, we summarize and extract the key data from Figures 15-17, as
shown in Table 1. It can be seen from Table 1 that the performance of the QBTS algorithm
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is much better than that of the OTSU algorithm and the Bimodal algorithm in terms of
average segmentation accuracy and segmentation speed.

Table 1. Summary and comparison of average accuracy and running speed of three threshold
segmentation algorithms.

Method Average Accuracy (%) Time / Time Bimodal
QBTS 97.9 0.47
OTSU 89.6 0.98
Bimodal 64.4 1

According to the above experimental results, the QBTS algorithm proposed in this
paper performs better when segmenting the target curve from the neon sign design drawing
with complex background noise interference. Compared with the OTSU and Bimodal
algorithms, it has better segmentation accuracy, robustness, and faster segmentation speed.

3.3.2. Performance Analysis of the SPSLM Algorithm

e  Accuracy of Measurement

Figure 18 shows the length measurement accuracy of the SPSLM algorithm and
the other four methods. The SPSLM algorithm in the figure is a single-pixel skeleton
length measurement algorithm based on the 8-neighborhood model proposed in this paper.
Method 1, Method 2, Method 3, and Method 4 are methods for measuring curve lengths
used in [13-15], [16-20], [12], and [21,22], respectively.
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Figure 18. Accuracy of different length measurement algorithms.

We can see from Figure 18 that the average measurement accuracy of the SPSLM
algorithm proposed in this paper is 99.1%, and the average measurement accuracy of
the other four methods is 88.3%, 92.5%, 19.9%, and 88.1%, respectively; it shows that
the accuracy of the SPSLM algorithm is higher. At the same time, we can also see that
some values are greater than 100%. This phenomenon is also consistent with our analysis
of Accyy.

e  Running Speed of SPSLM Algorithm

After the accuracy test, we ran the SPSLM algorithm’s speed test on the Neon Curve
dataset. Figure 19 shows the running speed of the length measurement algorithms. The
results show that the average measurement time of Method 3 is 0.001s, which is much
shorter than other methods. Because Method 3 mainly estimates the length through the
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area range, it has the advantage of low time complexity, but the measurement accuracy is
also very low. The average measurement time of Method 4 is 6.90s, much higher than the
other four methods. The method includes canny edge detection, image refinement, and
skeleton length measurement. The processing process is cumbersome and time-consuming,.
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Figure 19. Running time of different length measurement methods.

Figure 20 shows the running speeds of SPSLM, Method 1, and Method 2 separately.
Their average measurement times were 0.615s, 0.565s, and 0.577s, respectively, which were
the same and had similar distributions. Because the measurement principle of these three
methods is first to perform image refinement to obtain a single-pixel skeleton and then
measure the length of the structure, their time complexity is the same, so the measurement
speed is the same.
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Figure 20. Running time of SPSLM, Method 1 and Method 2.

To compare the performance of these five length measurement methods more intu-
itively and clearly, we summarize and extract the pivotal data from Figures 18-20, as shown
in Table 2. As can be seen from Table 2, in terms of measurement accuracy, the average
accuracy of the SPSLM algorithm is much higher than that of other algorithms. In terms
of measurement speed, on the premise of ensuring the necessary accuracy, the average
running speed of the SPSLM algorithm is comparable to Method 1 and Method 2, and both
are much faster than Method 4.
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Table 2. Summary and comparison of average accuracy and running time of five length measure-
ment algorithms.

Method Average Accuracy (%) Average Running Time (S)
SPSLM 99.1 0.615

Method 1 88.3 0.565

Method 2 92.5 0.577

Method 3 19.9 0.001

Method 4 88.1 6.90

Based on the above analysis of the running speed and the measurement accuracy, the
SPSLM algorithm dramatically improves the measurement accuracy while maintaining
a low algorithm complexity, and its overall performance is better than the other length
measurement methods.

4. Conclusions

This paper used digital image processing techniques to measure the length of irregular
curves in neon design renderings. Firstly, a new QBTS algorithm was proposed to segment
and extract the target curve. Then, a single-pixel skeleton length measurement algorithm
based on the 8-neighborhood model was proposed to measure the length of the skeleton of
the target curve. Finally, we conducted tests on the three original datasets of this paper,
respectively. The results showed that the average segmentation accuracy of the QBTS
algorithm was 97.9%, and the segmentation speed was more than 50% higher than the
other two algorithms. The average measurement accuracy of the length measurement
algorithm was 99.1%, higher than the four existing length measurement algorithms, and
the measurement speed was comparable.

The above results demonstrate that the two algorithms proposed in this paper can be
used for the problem of “accurately segmenting irregular target curves from images with
background interference and measuring their length accurately”, and can be applied in
engineering practice. Subsequent research will further improve the segmentation accuracy
and applicability of the threshold segmentation algorithm, laying a solid foundation for
future applications in more areas of target curve segmentation.

Author Contributions: Conceptualization, X.R., H.D., Q.X,, Y.L. and J.H.; methodology, X.R., H.D.,
Q.X. and Y.L.; software, X.R., H.D., Q.X. and Y.L.; validation, X.R., H.D., Q.X. and Y.L. and J.H.;
formal analysis, X.R.; investigation, X.R., H.D., Q.X. and Y.L.; resources, X.R., H.D., Q.X., Y.L. and
J.H.; data curation, X.R.; writing—original draft preparation, X.R.; writing—review and editing, X.R.,
H.D., Q.X,, Y.L. and J.H,; visualization, X.R.; supervision, X.R., H.D., Q.X., Y.L. and J.H.; project
administration, X.R., H.D., Q.X,, Y.L. and ].H.; funding acquisition, X.R., H.D., Q.X., Y.L. and J.H. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Central South University graduate school-enterprise alliance
innovation project, grant number 2021xqlh106.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets that support the findings of this study are openly available
at [https://github.com/csuruan/Image-Processing-Datasets-Ruan.git, accessed on 28 June 2022].
The datasets used in this paper are all original datasets by the author. Some of the pictures included
in the data set are from public resources on the Internet, and the rest are from Hunan Kangxuan
Technology Co., Ltd. All images obtained from public sources on the Internet are for scientific research
purposes only and do not involve commercial interests.

Acknowledgments: We are grateful to the High Performance Computing Center of Central South
University for assistance with the computations.

Conflicts of Interest: The authors declare no conflict of interest.


https://github.com/csuruan/Image-Processing-Datasets-Ruan.git

Sensors 2022, 22, 5761 17 of 19

Appendix A
In this appendix, we show the 8-neighborhood model diagrams of p; corresponding

to different values of B(p,).

(a) (b)
Figure A1. When B(p; )= 1, the 8-neighborhood of p;: (@) N =1, C=0;(b)N=0, C=1.
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Figure A2. When B(p;)= 2, the 8-neighborhood of p;: @) N =2, C=0; (b)) N =1, C = 1;
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Figure A3. When B(p;)= 3, the 8-neighborhood of p;: (a) N =3, C =0, (b)) N =2, C = 1;
(ON=1,C=2;(d)N=0, C=3.
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Figure A4. When B(p;)= 4, the 8-neighborhood of p;: (@) N =4, C =0, (b) N =3, C = 1;
(N=2,C=2;(dN=1,C=3;(e)N=0, C=4.
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Figure A5. When B(p;)= 5, the 8-neighborhood of p;: @) N =4, C =1, (b)) N = 3, C = 2;
(ON=2,C=3,(dN=1,C=4.
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Figure A6. When B(p,)= 6, the 8-neighborhood of p;: @) N =4, C =2, (b)) N = 3, C = 3;
(ogN=2,C=4.
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Figure A7. When B(p; )= 7, the 8-neighborhood of p;: (a) N =4, C=3;(b)N =3, C=4.
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Figure A8. When B(p; )= 8, the 8-neighborhood of p;.

References

1. Jing, P. Landscape Green Lighting Design in Urban Derelict Land Based on Ecological Concept. Light Eng. 2017, 25, 121-127.

2. Kwok, B.S.H. The Imageable City—Visual Language of Hong Kong Neon Lights Deconstructed. DES ]. 2020, 23, 535-556.
[CrossRef]

3. Yan, J. Color Research in Urban Planning. In Proceedings of the 2018 7th International Conference on Energy and Environmental
Protection (ICEEP 2018), Shenzhen, China, 15 July 2018.

4. Hsieh, Y.A,; Tsai, Y.J. Machine learning for crack detection: Review and model performance comparison. J. Comput. Civil. Eng.
2020, 34, 04020038. [CrossRef]

5. Kheradmandi, N.; Mehranfar, V. A critical review and comparative study on image segmentation-based techniques for pavement
crack detection. Constr. Build. Mater. 2022, 321, 126162. [CrossRef]

6. Al Tawil, L.; Aldokhayel, S.; Zeitouni, L.; Qadoumi, T.; Hussein, S.; Ahamed, S.S. Prevalence of self-reported computer vision
syndrome symptoms and its associated factors among university students. Eur. . Ophthalmol. 2020, 30, 189-195. [CrossRef]
[PubMed]

7. Chawla, A.; Lim, T.C.; Shikhare, S.N.; Munk, P.L.; Peh, W.C. Computer vision syndrome: Darkness under the shadow of light.
Can. Assoc. Radiol. J. 2019, 70, 5-9. [CrossRef] [PubMed]

8.  Canny, ]. A computational approach to edge detection. IEEE Trans. Pattern Anal. Mach. Intell. 1986, PAMI-8, 679-698. [CrossRef]

9.  Otsu, N. A threshold selection method from gray-level histograms. IEEE Trans. Syst. Man Cybern. 1979, 9, 62-66. [CrossRef]

10. Al-Smadi, M.M.; Abdulrahim, K.; Seman, K.; Salam, R.A. A new spatio-temporal background—foreground bimodal for motion

segmentation and detection in urban traffic scenes. Neural Comput. Appl. 2020, 32, 9453-9469. [CrossRef]


http://doi.org/10.1080/14606925.2020.1768770
http://doi.org/10.1061/(ASCE)CP.1943-5487.0000918
http://doi.org/10.1016/j.conbuildmat.2021.126162
http://doi.org/10.1177/1120672118815110
http://www.ncbi.nlm.nih.gov/pubmed/30474390
http://doi.org/10.1016/j.carj.2018.10.005
http://www.ncbi.nlm.nih.gov/pubmed/30691563
http://doi.org/10.1109/TPAMI.1986.4767851
http://doi.org/10.1109/TSMC.1979.4310076
http://doi.org/10.1007/s00521-019-04458-5

Sensors 2022, 22, 5761 19 of 19

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

Akagic, A.; Buza, E.; Omanovic, S.; Karabegovic, A. Pavement crack detection using Otsu thresholding for image segmentation.
In Proceedings of the 2018 41st International Convention on Information and Communication Technology, Electronics and
Microelectronics (MIPRO), Opatija, Croatia, 21 May 2018.

Lin, L.; Yang, S. Weighted two-dimensional Otsu threshold approached for image segmentation. In Proceedings of the 2019 IEEE
Symposium Series on Computational Intelligence (SSCI), Xiamen, China, 6 December 2019.

Quan, Y,; Sun, J.; Zhang, Y.; Zhang, H. The method of the road surface crack detection by the improved Otsu threshold. In
Proceedings of the 2019 IEEE International Conference on Mechatronics and Automation (ICMA), Tianjin, China, 4 August 2019.
Ji, A.; Xue, X.; Wang, Y.; Luo, X.; Xue, W. An integrated approach to automatic pixel-level crack detection and quantification of
asphalt pavement. Autom. Constr. 2020, 114, 103176. [CrossRef]

Shao, C.; Chen, Y.; Xu, E; Wang, S. A kind of pavement crack detection method based on digital image processing. In Proceedings
of the 2019 IEEE 4th Advanced Information Technology, Electronic and Automation Control Conference (IAEAC), Chengdu,
China, 20 December 2019.

Li, S.; Zhao, X. Pixel-level detection and measurement of concrete crack using faster region-based convolutional neural network
and morphological feature extraction. Meas. Sci. Technol. 2021, 32, 065010. [CrossRef]

Yang, X.; Li, H,; Yu, Y;; Luo, X.; Huang, T.; Yang, X. Automatic pixel-level crack detection and measurement using fully
convolutional network. Comput.-Aided Civil Infrastruct. Eng. 2018, 33, 1090-1109. [CrossRef]

Kim, S.K.; Shin, H.G.; Timilsina, S.; Kim, J.S. Determining the Fracture Process Zone Length and Mode I Stress Intensity Factor in
Concrete Structures via Mechanoluminescent Technology. Sensors 2020, 20, 1257. [CrossRef] [PubMed]

Li, G,; Lan, D.; Zheng, X,; Li, X.; Zhou, ]. Automatic pavement crack detection based on single stage salient-instance segmentation
and concatenated feature pyramid network. IEEE Trans. Autom. Sci. Eng. 2021, 1-17. [CrossRef]

Fan, Z.; Lin, H,; Li, C; Su, J.; Bruno, S.; Loprencipe, G. Use of Parallel ResNet for High-Performance Pavement Crack Detection
and Measurement. Sustainability 2022, 14, 1825. [CrossRef]

Huang Peng, Q.Z.; Huang, WW.; Lu, Y. Automatic crack length measurement of concrete structure based on image processing.
Adv. Mater. Res 2014, 1030, 728-731. [CrossRef]

Chao, Y.U.; Geng, D.; Huang, Z.J.; Zhu, Z.H.; Shi, Y.F. Refinement Identification and Evaluation of Tunnel Lining Cracks. J.
Highway Transp. Res. Dev. 2020, 14, 75-83.

Ghafil, H.N.; Ali, D.M.B. Cracks measurement on the basis of machine vision. I[JVIPNS-IJENS 2016, 16, 1-6.

Adhikari, R.S.; Moselhi, O.; Bagchi, A. Image-based retrieval of concrete crack properties for bridge inspection. Autom. Constr
2014, 39, 180-194. [CrossRef]

Ganesan, P; Rajini, V. Assessment of satellite image segmentation in RGB and HSV color space using image quality measures. In
Proceedings of the 2014 International Conference on Advances in Electrical Engineering (ICAEE), Paris, France, 5 May 2014.
Herng, O.W.; Nasir, A.S.A.; Chin, O.B.; Tan, E.5S.M.M. Harumanis Mango Leaves Image Segmentation on RGB and HSV Colour
Spaces using Fast k-Means Clustering. In Proceedings of the International Conference on Man Machine Systems (ICoMMS 2021),
Perlis, Malaysia, 19 October 2021.

Mou, S.-M.; Du, H.-Y,; Su, P; Cha, X.-H.; Chen, G.-Y. A new improved fast parallel thinning algorithm. Microelectron. Comput.
2013, 30, 53-55.


http://doi.org/10.1016/j.autcon.2020.103176
http://doi.org/10.1088/1361-6501/abb274
http://doi.org/10.1111/mice.12412
http://doi.org/10.3390/s20051257
http://www.ncbi.nlm.nih.gov/pubmed/32106579
http://doi.org/10.1080/10298436.2021.1938045
http://doi.org/10.3390/su14031825
http://doi.org/10.4028/www.scientific.net/AMR.1030-1032.728
http://doi.org/10.1016/j.autcon.2013.06.011

	Introduction 
	Proposed Method 
	Image Preprocessing 
	Image Color Space Conversion 
	HSV Image Channel Separation and Grayscale Processing 

	Curve Extraction 
	Get Grayscale Distribution Chart by Sliding Filter Method 
	Get the Segmentation Threshold by the Quasi-Bimodal Characteristics of the Gray Distribution Chart 

	Length Measurement 
	Curve Refinement 
	Skeleton Length Measurement 
	Size Transformation 


	Experiments and Results 
	Performance Metrics 
	Dataset 
	Experimental Results 
	Performance Analysis of the QBTS Algorithm 
	Performance Analysis of the SPSLM Algorithm 


	Conclusions 
	Appendix A
	References

