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Abstract: In flotation production, the visual surface information of the flotation foam reflects the
flotation effects, which are closely related to the flotation conditions and directly reflect the degree of
mineralization of the foam layer. In this study, it was proposed a novel and efficient segmentation
algorithm to extract the edge information of slime bubbles, as the boundaries are typically blurred and
difficult to segment, due to the slime bubbles sticking to each other in the slime flotation foam image.
First, the improved clustering algorithm and image morphology operation were used to extract the
edges of the foam spots. Second, the image morphological operations were used as a starting point to
look around the foam edge points. The pseudo-edge points were then removed using a region and
spatial removal algorithm. Finally, the foam edges were extracted using the double-point directed
expansion algorithm. A new criterion was proposed for segmentation effect determination based on the
particularity of the segmented object. The feasibility and effectiveness of the foam segmentation method
were investigated by comparative experiments. The experimental results showed that the proposed
algorithm could obtain the foam surface properties more accurately and provide effective guidance for
flotation production.

Keywords: flotation, slime foam segmentation, FCM clustering algorithm, double-point directional
extension, segmentation effect judgment standard

1. Introduction

Froth flotation consists of a separation method based on the differences in hydrophilicity and
hydrophobicity of a mineral surface (Aldrich et al., 2000; Kalyani et al., 2007). The characteristic
information of a foam surface can be closely related to the flotation state, and these visual features can
provide important operational guidance for flotation production, ensuring the stable operation of
flotation production. So far, this task has been used to adjust operations by manually observing the
foam state, resulting in low labor productivity and high labor intensity of workers (Kaijun et al., 2010).
Due to large subjectivity and arbitrary among operators, there is no objective standard for foam
assessment, which can lead to frequent fluctuation in the flotation production index and low mineral
resource utilization. Today, with the increasing scarcity of high-grade mine resources, it is more difficult
to effectively implement the manual operation of flotation production, especially when the flotation
source has a complex composition and a low mineral grade. To overcome these issues, machine vision
and intelligent control technology based on foam characteristics have been used to monitor flotation
production (Vallebuona et al., 2008).

Applying machine vision (Aldrich et al., 2010; Nakhaei et al., 2019; Deniz et al., 2022) to the flotation
process and analyzing the flotation froth image using digital image processing technology (Wang et al.,
2020) can be used to objectively describe the froth state (Murphy et al., 1996; Wang et al., 2001). In the
flotation process, the visual features, including the foam size (Cho et al., 2002), color, texture, and flow
rates (Park et al., 2022) of the froth surface can be closely related to the process indicators, working
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conditions, and operating variables, which can be used as an important basis for determining the effect
of separating operations of the mine. Therefore, the accurate extraction of foam image features is
considered a prerequisite for the machine vision-based monitoring of float production processes.
Correlation analyses between the characteristics of the foam and the key process parameters of on-site
flotation have been conducted, and mathematical modeling has been used to predict the pulp ash
content, and dosage of various agents (Jose et al., 1992; Jian et al., 2008; Liu et al., 2011; Aryasuta et al.,
2022), and the tail coal ash content in the current foam state, which could be used to guide subsequent
flotation production.

In recent years, considerable research has been conducted on foam segmentation. The watershed
algorithm is a common segmentation method (Ng et al., 2006; Cao et al., 2021; Zhou et al., 2022). Jing et
al. (2017) proposed a watershed segmentation model based on bilateral filtering and contrast-limited
adaptive histogram equalization to address the issues of high noise, low contrast, and bubble adhesion
in foam images collected in the industrial field. Jun et al. (2020) proposed an improved watershed
algorithm based on the 4-neighborhood similarity, which was applied to the k-means (Likas et al., 2003)
initial clustering image to segment the target region. Edge detection (Ziou et al., 1998; Su et al., 2021;
Jing et al., 2022). Wang et al. (2000) proposed a valley edge detection algorithm for foam images to
segment the original image, comparing the foam edge to the valley edge to connect all edge points and
achieve bubble segmentation (Wang et al., 2000; Bhondayi et al., 2022). Huifeng et al. (2011) improved
the edge detection algorithm based on the foam pattern feature extraction method of the adaptive
optimal valley bottom detection threshold of the adaptive particle swarm optimization algorithm; the
inertial weight and acceleration factor of the particle swarm algorithm were set as a function of the
global optimal fitness degree, and the bubble edge was obtained by the optimal valley bottom detection
threshold. The texture spectrum (He et al., 1990; Backes et al., 2013; Deng et al., 2021). Yuan et al. (2018)
proposed an image texture feature extraction algorithm based on the Gabor filter (Meng et al., 2021) and
CS-LBP operator (Han et al., 2017) for the one-way nature of traditional texture extraction, transforming
the extracted frequency components into the time domain to achieve texture extraction (Yuan et al.,
2018). Luo et al. (2019) proposed a new PCA-based algorithm to extract the texture features of foam
images by comprehensively considering the granular texture features on the surfaces of foam particles.

Due to the complexity of the industrial environment, the surface of a foam image collected in the
field is rough, with considerable noise. In addition, the foam velocity is too fast, causing the image to
blur, with numerous light spots and dark areas in the image, and the traditional segmentation algorithm
has difficulty achieving a good segmentation effect. Therefore, considering the complexity of the above
environment, a new segmentation algorithm for foam images was proposed in this work. After pre-
treatment of the images collected from an industrial site, the foam features could be effectively
extracted, and the main innovations of the algorithm were as follows:

(1) The improved FCM clustering algorithm was used to obtain the foam light spot region, and the
image binarization and morphological operations were used to obtain the edge of the light spot.
Subsequently, the edge of the light spot was used as a starting point to search for foam edge points
around it, to form an edge candidate set.

(2) Considering the existence of the pseudo-edge point in the edge point set, in this work, we
proposed a region and spatial removal algorithm to screen the pseudo-edge point in the edge point set
and we eliminated the pseudo-edge points, generating a foam candidate point set.

(3) Considering the problem that the candidate point set was discontinuous and had difficulty

expressing the characteristic information of the foam edge, a double-point directional extension
algorithm was proposed to extract the foam edge.
Because the bubbles in the coal-slime foam images were glued to each other, the extracted edges were
narrow and inconspicuous, making it difficult to accurately determine the feature extraction results
using traditional segmentation criteria. Therefore, we proposed a new segmentation criterion for
segmentation effect detection.



2. Foam image segmentation algorithm

2.1. Algorithm description

The characteristics of the slime flotation foam were as follows. (1) The uneven illumination caused
numerous spots and dark areas to appear in the foam image. (2) The grey value inside the bubble was
uneven. (3) The average grey value of the bubbles varied greatly in the different regions of the image.
When an edge detection algorithm was applied to this image set, most of the light spot edges were

delineated, while the bubble edges were lost.

The main reasons why classical image segmentation algorithms could not accurately segment foam
images were as follows. (1) The uneven lighting caused the original image to appear in light spots and
dark areas, and this effect was too severe. (2) Affected by the size of coal particles, the local reflected
light was uneven, the greyscale changes in the foam surface were not sufficiently smooth, and the
gradient changed significantly. (3) At the connection of the foam edges, a narrow and smooth plane
appeared, and the gradient changed sharply, affecting the segmentation effect. (4) The light spot at the
top of the foam was overexposed, and the grey gradient change of the edge of the top light spot was
larger than the edge of the foam. The greyscale information of the foam image is shown in Fig. 1, where
in Fig. 1 (b), the red circle marks the foam edge and the blue circle marks the reflective area of the saddle.
Fig. 1 (c) shows the greyscale of the foam image, indicating that the greyscale variation gradient of the

foam image was extremely large.

(a) The original image

Fig. 1. Grey-level information of the foam image

Considering the above features, in this study, it was proposed a new segmentation algorithm, whose
steps are shown in Fig. 2. First, the raw images were pre-processed with Gaussian filtering to remove
the image noise caused by the uneven size of the coal particles and illumination of the foam surface.
Second, a modified FCM clustering algorithm was used to extract the foam light spot regions, and image
binarization and morphological operations were performed to obtain the light spot edges. Using the
edge of the light spot as a starting point, edge points were observed around it, forming an edge point
set. The pseudo-edge points in the edge point set were then removed using the region and spatial
removal algorithm to form a set of candidate points. Finally, based on the candidate point set of the
foam edge, the double-point directional extension algorithm was used to complete the extraction of the
foam edge. After completing image segmentation, the segmentation effect was detected by using the

proposed segmentation criterion.

2.2. Image pre-processing

The foamy images collected at the float site were almost completely occupied by bubbles that adhered
to each other. At the same time, locally reflected illumination was inhomogeneous due to the size of the
coal particles, causing a non-smooth grey level of the foam surface and making it difficult to extract
foam edge information. Therefore, it was necessary to pre-process the raw foam images to improve the
accuracy of edge extraction. Experiments with various image preprocessing operations have shown that
the Gaussian filter provides the best results. The specific results of the experiment are shown in Fig. 3,
where the mean filtering was fast and the algorithm was simple; however, the noise could not be
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Fig. 2. Algorithm flow chart

removed and was only weakly reduced. Median filtering protected the sharp edges in the image, but
the coal grain edge was sharper than the foam edge, which was eventually retained. Therefore,
a Gaussian filter could be used to effectively obtain an ideal pre-processed image. Gaussian filtering
consists of a simple and fast linear smooth denoising algorithm (Si et al., 2014; Garcia-Fernandez et al.,
2021). A Gaussian filter was used to denoise the foam image, and while removing the noise, the details
of the foam edges were preserved as much as possible. In this study, after pretreatment using this
method, we observed almost no obvious particle bulges on the foam surface, and the bubble edges were
obvious, which was helpful for subsequent segmentation operation.

(a) The original image (b) Mean filter (c) Medjian filter (e) Gaussian filter

Fig. 3. Comparison of the preprocessing effect

2.3. Image segmentation
2.3.1. Foam edge point acquisition

First, an improved FCM clustering algorithm was used to obtain the foam spot region of the
preprocessed image, and the image binarization and morphological operations were performed to
obtain the spot edge, where we used the edge of the light spot as the starting point to search for
surrounding edge points to form a foam edge point set. The steps were as follows:

e Step 1 The improved FCM clustering algorithm (Uplaonkar et al., 2021; Karunkuzhali et al., 2022;
Lavanya et al., 2022) was used to obtain the foam light spot of the pre-processed image.

e Step 2 The image binarization (Kim et al., 2017; Feng et al., 2022) operation was performed on the
acquired feature layer of the spot area, and the grey value information was divided into two parts,
namely, the light spot and the background, where a morphological operation (Jones et al., 1994;
Chudasama et al., 2015) was performed on the light spot to obtain the edge of the spot.

e Step 3 The foam edge points were calibrated by searching for the smallest grey value points in
the edge interval of the next spot, and we used the edge points of the light spot as a starting point
to form the foam edge point set.

The edge of the light spot is shown in Fig. 4(b). As shown in Fig. 4(c), the light spot edge could be

used to effectively obtain the bubble edge point set by searching for surrounding bubble edge points.
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Fig. 4. Foam edge point acquisition

2.3.2. Pseudo-edge point removal

After the above operations, numerous edge points were obtained. As shown in Fig. 8(d), a large number
of pseudo-edge points were still present in the point set. In this work, we proposed a region and spatial
removal algorithm to remove the pseudo-edge points by exploiting the relationship between region and
space. The current edge point was defined as the decision point, and region removal was based on the
local region. If the greyscale information of the area where the decision point was located conformed to
the non-candidate point state, the decision point would be removed from the edge point set. Space
removal was based on the spatial position of the decision point to determine the spatial relationship
between the decision point and other edge points, and if it conformed to the non-candidate point state,
the decision point was removed from the set of edge points.

2.3.2.1. Region removal

To better perform Region removal, in this study, we defined the region removal operator:
1 11
K = (1 0 1>. 1)
1 11

The preprocessed image was convolved (Pang et al., 2017), and the grey value of the convolved
feature layer was determined, where the greyscale information of the area where each decision point
was located and counted, and when the greyscale value was greater than the specified greyscale value,
the decision point was considered a pseudo-foam edge point in the center of the foam, and the point
was removed from the edge point set. When the operator and feature layers performed convolution
operations, the neighborhood weights of the points were preferentially determined, and the grey values
of the determined points themselves did not participate in the grey value computation, which could
reduce the impact on the determination results.

The region removal algorithm had the best effect on the removal of pseudo-edge points in the central
area of foam or the existence of tiny dark areas caused by coal particle bulges. The results are shown in
Fig. 8(e), where a good screening effect was achieved under the condition of sacrificing some accurate
candidate points.

2.3.2.2. Spatial removal

There were still some pseudo-edge points in the edge point set after region removal. In this study, we
used the spatial removal algorithm to screen the foam edge points again for the set of edge points after
region removal. Spatial removal determined the spatial relationship between the decision point and the
other edge points, and if it conformed to the non-candidate point state, the decision point was removed
from the set of edge points. Subsequently, the shortest distance between the decision point and the other
edge points was calculated. When the shortest distance was greater than the specified maximum value,
the decision point was considered to be a pseudo-edge point, and the point was cleared from the set of
edge points to generate a set of candidate points.
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Region removal offers high execution efficiency, low time complexity, and low precision, and has
shown to be suitable for rough screening of a large number of edge points. Spatial removal offers a low
execution efficiency, high time complexity, and high precision, and has shown to be suitable for fine
screening with few edge points (Pierre et al., 1986). In this study, we first showed that the region removal
algorithm could be used to screen the set of edge points for the first time, and the number of screened
edge points was reduced. Then, the spatial removal algorithm was used to fine-tune screen the edge
points, and the combination of region removal and spatial removal algorithm could ensure high
accuracy and improve the efficiency of the algorithm. As shown in Fig. 8(f), the candidate point set after
removing the pseudo-edge point met the experimental requirements.

2.3.3. Double-point directional extension

The candidate points in the selected candidate point set were in a discontinuous state, and it was
difficult to describe the characteristic information of the foam image. Therefore, in this study, we
proposed a double-point directed continuation algorithm to extract the edges of the foam image. Due
to the presence of numerous dark areas in a foam image, when a traditional extension algorithm detects
the candidate points to the periphery and undergoes extension, it can easily lead to the accumulation of
new edge candidate points; therefore, this can fail to form an effective segmentation edge and the image
is under-segmented. In this study, we proposed a double-point directional extension scheme to
effectively solve this problem.

We defined the double-point directional extension operator according to:

1 11
K, = (1 9 1). (2)
1 11

The candidate point set after spatial removal was convolved with K,, the grey value of the
convolutional feature layer was determined, and all of the pixels in the candidate point set were
classified, which could be divided into isolated-point, extended-point, non-extended-point, and the
background. The operator gave priority to the weight of decision points and determined the result of
convolution, where the point with a grey value 9 * 255 was defined as an isolated point, with no other
candidate points in the neighborhood of the determination point, and it had to be converted into an
extension point later. Pixels with a grey value 10 * 255 were defined as extension points, with a single
candidate point in the decision point neighborhood, which was subsequently used for a double-point
directional extension to obtain the new foam edge candidate points. Pixels with a grey value greater
than 10 * 255 were defined as non-extended points, with multiple candidate points in the neighborhood
of the decision point, and there was no need to extend to the periphery. Pixels with a grey value less
than 9 * 255 were defined as the background. The operator could effectively classify each pixel in the
image, and the corresponding subsequent operations were carried out for four different types of point
sets; thus, improving the execution efficiency.

Due to the limitations of the traditional edge extension algorithm, when exploring the surrounding
area, the smallest point in the neighborhood was selected as the new edge candidate, and the
accumulation of new foam edge candidate points could easily occur in the process of foam image edge
extension. The double-point extension algorithm proposed in this work predicted the position of the
next candidate point for the extension point and the candidate point of the foam edge in its
neighborhood. Fig. 5 shows the eight directional extension schemes, where the extended-point was 0
and the other edge candidate points in the neighborhood were H, and the corresponding directional
extension scheme was selected according to the relative position of the double points to explore the X
area, to find and calibrate new foam edge candidate points in the candidate point set, and this process
was iterated to complete the extraction of the foam edges.

There were no other foam edge candidate points in the neighborhood of the isolated point; therefore,
a directional extension could not be performed. As a result, the isolated point first explored the new
foam edge candidate points in the neighborhood, which were marked in the candidate point set. After
converting to an extension point, subsequent operations were completed according to the double-point
directional extension algorithm.
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The candidate point set after the double-point directional extension is shown in Fig. 8(g). As shown
in Fig. 8, the double-point directional extension algorithm effectively solved the new candidate point
accumulation and under-segmentation problems in the foam edge candidate point extension process.
Therefore, the final segmentation edge was consistent with the actual bubble edge, and the continuity
of the boundary was guaranteed.

X X X X X|{H X H
O XjH O X O X|X O X
H X X XX X XX X X
X HI|X X X X XX X X
X O X O H|{X O X 0 X
X X XX X X H H

Fig. 5. Directional extension scheme

3. Segmentation effect determination standard

The traditional segmentation effect determination standard (Zheng Z et al., 2020) determined the final
segmentation effect by calculating the overlapping ratio of the segmented area and the real area, which
consisted of the ratio of their intersection and union, according to:

FyNF,

P = ﬁ *100% 3)
where F,is the area occupied by the algorithm segmentation edge points, F, is the area occupied by the
manual segmentation edge points, and Pis the final determination result, where, F, N F, represents the
number of overlapping pixels of the edge segmented by algorithm segmentation and manual
segmentation, and F, N F, represents the number of the union of the edge pixels segmented by
algorithm segmentation and manual segmentation. The final segmentation effect was determined by

calculating the ratio information.

(a) The original image (b) Watershed (c) Canny

Fig. 6. Traditional segmentation algorithm segmentation comparison graph

Because the bubbles in the slime foam images adhered to each other, the extracted edges were
narrow and not obvious. The traditional segmentation effect determination standard only considered
the proportion of the segmentation area, while foam image segmentation only obtained the edge
information, resulting in a large error in the final determination result.

As shown in Fig. 6, the values of superposition in the segmented region and the real region were
calculated, as shown in Table 1, and according to Eq. 3, the Canny results were higher than those of the
watershed algorithm. The segmentation effect of the Canny algorithm was better than the watershed
algorithm, and the actual edge extraction effect through the watershed algorithm was slightly better
than the Canny algorithm. From the above experiments, we found that in the coal slime foam image,
the calculation results of the traditional segmentation criteria were inconsistent with the actual
segmentation effect, and the traditional criteria had limitations in this determination object.
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Table 1. Comparison of algorithms for traditional criteria

Watershed Canny
E,NF, 5231 8848
FE,UF, 9544 13367
P 54.809% 66.193%

Considering the limitations of traditional criteria for determining the separation effect of the slime
flotation foam, a new criterion for determining separation was proposed in this work. In addition to
considering the segmentation of the object ontology, the criterion also included the background of the
criterion and assigned weights to the segmentation area and the background area to improve the

accuracy of the final determination:
FyuNFy

P=Q2c—=+2(1-c¢)

Fyu+Fy,

ByNB
ﬁ) x 100% 4)
where F,is the area occupied by the edge points of the algorithm segmentation, F, is the area occupied
by the edge points of manual segmentation, B, is the background area of the algorithm segmentation,
B, is the background area of the manual segmentation, C is the weight value with a value range of 0 —
1, P is the result of final determination, F, N F, represents the number of overlapping pixels of the edge
segmented by algorithm segmentation and manual segmentation, F, + F, represents the sum of the edge
pixels segmented by algorithm segmentation and manual segmentation, B, N B, represents the
overlapping number of background pixels between algorithm segmentation and manual segmentation,
and B, + B, denotes the sum of algorithm segmentation and manual segmentation of the background
pixels. By adding weight values for the segmented region and the background, the ratio information
was calculated to determine the final segmentation effect.

As an example, as shown in Fig. 6, the calculation results using the segmentation effect determination
standard proposed in this work are presented in Table 2. As indicated in the table, the watershed
algorithm was 1.457% higher than the Canny algorithm, and the segmentation determination result of
the watershed algorithm was better than the Canny algorithm, which was consistent with the actual
segmentation effect. Therefore, the segmentation effect criterion proposed in this work was superior to
the traditional segmentation effect criterion.

Table 2. Comparison of algorithms used for the proposed criterion in this work

Watershed Canny
E,NE, 925 619
F, +F, 7755 5264
B,NB, 80456 76633
B, + B, 169531 165914
P 59.386% 57.929%

In addition to verifying the effect of edge detection and segmentation, this criterion could also verify
the effect of instance segmentation. Compared to the traditional verification method, the background
was added as a reference to the original basis, and weights were added to different segmentation objects
to determine the segmentation effect, with information that was more inclined to a particular object,
and the criterion for determining the segmentation effect was universal.

4. Analysis of the results

4.1. Source of the image set

The foam images used in this study were collected by a coal-washing company in the Inner Mongolia
Autonomous Region. The collection device mainly consisted of a camera, light source, equipment boxes,
and storage devices, as shown in Fig. 7. The camera model was an industrial camera MV-E800M, and
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the light source consisted of a double 8000 K 40 W spotlight. The equipment box was shielded from
light to ensure that it was not affected by external light sources when collecting the foam images. The
method involved taking foam images of flotation tanks No. 1 and No. 2 every 2 s, collecting 500 cm? of
the foam layers in flotation tanks No. 1 and No. 2 every 20 min, and collecting 1 dm? of raw coal and
tail coal every 30 min, for 11 h a day for 8 days in total.

Pl

Storage devices
Ei Equipment Boxes
; { o {
L 2 @21 " 4 ) 5 S
e P W &

Scraper blade / ‘// b g : Z

t Y y \

Y 7

Flotation cell

(a) Design of the acquisition equipment (b) Field image acquisition

Fig. 7. Foam image acquisition

4.2. Experimental results

Four different types of foam images were selected. As shown in Fig. 8, the surface of foam image 1 was
large with coal particles, contained a lot of noise, and had a large area covered by light spots. Foam
image 2 had a large bubble area and uniform surface texture. Foam image 3 contained severe dark
regions and non-obvious edge boundaries. In foam image 4, the bubbles were dense and small, and the
dark area was severe. Considering the above four different scenes, the proposed segmentation
algorithm could achieve good edge extraction results.

First, after preprocessing the original image, the noise in the original image and the shadow on the
surface of the foam caused by the uneven size of the coal particles were eliminated. As shown in (b), the
pre-processed image had a clear boundary, smooth bubble surface, and no obvious noise, with a good
preprocessing effect.

Second, the improved FCM clustering algorithm was used to divide the processed image into
regions, and the divided regions ewer obtained through image binarization and morphological
operations, while the obtained light spot edge, as shown in (c), was consistent with the actual light spot
edge.

Third, we took the edge of the light spot as the starting point to explore the foam edge points to the
periphery, and as indicated in (d), the foam edge point set could be accurately extracted.

Then, due to the presence of many pseudo-edge points in the edge point set, we proposed region
and spatial removal algorithms. The filtered candidate point set is shown in (f), where the pseudo-edge
points in the central area of the bubble were eliminated, and the filtering effect was good.

Finally, the pixels of the candidate point set feature map after cleaning were classified into the
isolated point, extended point, non-extended point, and background. A double-point directional

Image 1 Image 2 Image 3 Image 4
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Fig. 8. Experimental results

extension algorithm was used to extract the foam edges by extending into the neighborhood, and the
final segmentation results are shown in (g). As indicated by the labeling map in (h), the segmentation
area of the edge extracted by the algorithm in this work was consistent with the actual edge of the
original image, and we could determine that the algorithm proposed in this work had a good

segmentation effect.

4.3. Comparative analysis

Figure 9 shows the segmentation results of the several algorithms used for the two different foam
images. We observed a large gradient in the grey-scale variation of the bubble light spot, with a wide
gradient in the dark region at the bubble edge, and a small gradient in the grey-scale variation. The
watershed algorithm over-segmented the edge of the bubble light spot and under-segmented the edge

The original image | Manual annotation Watershed Canny This paper

7N

1 o8ewy

7 98euy

Fig. 9. Comparison of segmentation effect
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segmentation, and the gradient change in the light spot of the foam image was the largest; therefore, the
segmentation edge mainly occurred at the edge of the light spot instead of the edge of the bubble. The
proposed double-point directed continuation algorithm could efficiently solve the above problem and
extract the foam edge.

Based on the segmentation results of the foam images, the relevant variables of the segmented
regions were measured using the proposed segmentation effect determination criterion, resulting in the
pixel statistics of the regions, which were then measured for the manually segmented images. Each
value was calculated according to the determination criterion proposed in this work. Taking the two
images in Fig. 9 as an example, the results of segmentation judgment under different algorithms were
subsequently calculated.

Table 3. Comparison of the determination effect

Image 1 Image 2
Watershed Canny  This paper Watershed Canny  This paper
F,NE, 3746 1243 5246 925 619 1380
F,+F, 23356 15589 21648 7755 5264 9749
B, NB, 67726 69450 73598 80456 76633 81631
B, + B, 153980 158207 158352 169531 165914 170251
P 60.022%  51.872%  70.711% 59.386%  57.929%  62.103%

As shown in Table 3, the algorithm proposed in this work had a higher segmentation accuracy, a
better effect than traditional segmentation algorithms, and could better complete the task of image
feature extraction.

Taking the two original images in Fig. 9 as examples, the iterative results of the proposed double-
point directional extension algorithm and traditional extension algorithm are shown in Fig. 10. The solid
line consisted of the double-point directional extension algorithm, and the dashed line was the
traditional extension algorithm. With an increase in the number of iterations, the segmentation accuracy
of the double-point directional extension algorithm continued to improve, and finally became stable.
However, the segmentation accuracy of the traditional extension algorithm was low, the segmentation
accuracy of the iterative process fluctuated greatly, and the overall segmentation accuracy was lower
than the double-point directional extension algorithm. Finally, we concluded that the segmentation
algorithm proposed in this work was more effective.
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Fig. 10. Extended segmentation effect iteration curve

5. Conclusions

In this work, a double-point extended slime foam image segmentation algorithm based on improved
FCM clustering was proposed to address the difficulty faced by traditional segmentation algorithms in
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accurately segmenting slime foam due to adhesion and a fuzzy boundary. The experimental results
showed that the double-point directional extension algorithm had the characteristics of fast and high
accuracy, and achieved a good segmentation effect for the slime foam image. In this study, the new
foam edge points were calibrated by exploring the minimum grey value points around the edges. The
foam features extracted using this method could be applied to the identification of flotation production
states. In addition, this method was compared with other methods and showed better performance.
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