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Abstract: The size distribution of coke is important in order to decide the burden layer structure and
the burden porosity in the shaft of a blast furnace (BF), which fluctuates daily and can be determined
by several parameters. It is measured two or three times per shift by screening the raw material.
However, the screening method used is random and takes a lot of time and manpower, resulting
in the susceptive size distribution of the raw material and delayed operation of the BF. Therefore,
in this paper, a new online approach used to measure the size distribution of particles was selected
through comparison. Four common algorithms were used to detect the coke particles from images,
including the Marker-based Watershed (MW), Histogram of Oriented Gradient + Support Vector
Machine (HOG + SVM), Faster Region-based Convolutional Neural Networks (Faster R-CNN), and
You Only Look Once (YOLOv3). The results show that the MW and HOG + SVM were not suitable for
coke image detection. The average mean average precisions (mAPs) of Faster R-CNN and YOLOv3
were 93.391% and 91.348%, respectively, which meet the requirements of coke particle recognition.
However, the YOLOv3 (5.419 fps) was selected as the final coke particle image detection algorithm,
which is about 4.3 times faster than the average detection speed of Faster RCNN (1.269 fps). After
this, the YOLOv3 and screening were used to detect 100 coke images and to generate particle size
distribution statistics. The results show that the two methods are basically consistent. YOLOv3 can
be used in the online measurement of BF coke. This research, which is of important value, provides a
basis for the online measurement of the particle size distribution of raw material in a BF.

Keywords: size distribution of coke; online detection method; MW; HOG + SVM; faster R-CNN;
YOLOv3; blast furnace ironmaking

1. Introduction

Coke plays four main roles in the ironmaking process of a blast furnace (BF), includ-
ing its role as a reductant, carbon source of carburization, heat energy, and skeleton of
burden [1–3]. As the skeleton of burden, coke is irreplaceable and its particle size distribu-
tion has a significant effect on stability and production in the BF [4]. Thus, it is critical to
measure and control the particle size distribution of coke before charging the BF [5].

Traditionally, the particle size distribution of coke was measured by combining meth-
ods of manual detection and mechanical vibration. However, this method has a series
of problems, such as energy consumption, time consumption, low efficiency, high labor
intensity, low safety factors, and the screening results are restricted by subjective experi-
ences and the equipment used [6]. With the continuous development of computer vision
technology, image detection has been applied to face detection, pedestrian detection, and
other fields [7–9]. Therefore, it is more effective and safe to measure the coke particle size
distribution by using an algorithm to detect coke images online. Nevertheless, determining
particle size distribution from coke images is a challenge that requires not only identifying
many particles with a similar appearance, but also accurately locating the particles online
and calculating their sizes. Thus, until today, image detection technology has not been
applied to the ironmaking process to detect coke particles.
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Nowadays, as an algorithm used for image segmentation [10], the Marker-based
Watershed (MW) algorithm [11], can recognize different objects after completing the
pre-processing steps for images. A combination of the Histogram of Oriented Gradi-
ent (HOG) [12] and Support Vector Machine (SVM) [13] of the traditional object detection
algorithm, the Region-based Convolutional Neural Network (R-CNN) series [14–17], and
the You Only Look Once (YOLO) series [18–21] of deep learning algorithms have been em-
ployed in the detection of pedestrians [22], faces [23], etc. [24]. Although these algorithms
belong to different fields, based on their features and application precedents, they can all
be used to achieve particle detection in coke images.

In this paper, firstly, the principles of the four implementation approaches of coke
particle detection were analyzed, and their classifications are shown in Figure 1. Secondly,
a large number of images of the coke particles were taken in our laboratory, and the images
were detected with the selected methods. The detection results of the various methods
were compared, and the most effective method was selected. Finally, the optimal method
and screening method were compared and analyzed for coke particle size distribution.
The results show consistency, which proves that the selected algorithm can be used for the
online detection of coke particle size distribution in the ironmaking process.

Processes 2023, 11, x FOR PEER REVIEW 2 of 16 
 

 

less, determining particle size distribution from coke images is a challenge that requires 
not only identifying many particles with a similar appearance, but also accurately locat-
ing the particles online and calculating their sizes. Thus, until today, image detection 
technology has not been applied to the ironmaking process to detect coke particles. 

Nowadays, as an algorithm used for image segmentation [10], the Marker-based 
Watershed (MW) algorithm [11], can recognize different objects after completing the 
pre-processing steps for images. A combination of the Histogram of Oriented Gradient 
(HOG) [12] and Support Vector Machine (SVM) [13] of the traditional object detection 
algorithm, the Region-based Convolutional Neural Network (R-CNN) series [14–17], and 
the You Only Look Once (YOLO) series [18–21] of deep learning algorithms have been 
employed in the detection of pedestrians [22], faces [23], etc. [24]. Although these algo-
rithms belong to different fields, based on their features and application precedents, they 
can all be used to achieve particle detection in coke images. 

In this paper, firstly, the principles of the four implementation approaches of coke 
particle detection were analyzed, and their classifications are shown in Figure 1. Sec-
ondly, a large number of images of the coke particles were taken in our laboratory, and 
the images were detected with the selected methods. The detection results of the various 
methods were compared, and the most effective method was selected. Finally, the opti-
mal method and screening method were compared and analyzed for coke particle size 
distribution. The results show consistency, which proves that the selected algorithm can 
be used for the online detection of coke particle size distribution in the ironmaking pro-
cess. 

 
Figure 1. Four approaches for coke particle image detection. 

2. Diagrams of Four Approaches 
The four implementation methods belong to different fields, so their principles are 

different. In this paragraph, their principles will be presented one by one. 
Image segmentation is the process of extracting objects from images. MW is a 

commonly used particle image segmentation algorithm. Compared with traditional Wa-
tershed [25,26], it has the advantages of a fast computing speed, accurate boundary posi-
tioning, etc. The segmentation principle of MW is shown in Figure 2. It uses the gray 
value of each pixel in an image as the segmentation standard, which is high at the edge of 
the particle and low in the middle. Therefore, there will be sudden changes in the gray 
values between adjacent particles at the edge, or particles and the background. The seg-
mentation starting points are some local minimum points of manually labeled gray val-
ues in the image. When the adjacent areas meet, barrages are built until all the particles in 
the image are separated. 
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2. Diagrams of Four Approaches

The four implementation methods belong to different fields, so their principles are
different. In this paragraph, their principles will be presented one by one.

Image segmentation is the process of extracting objects from images. MW is a com-
monly used particle image segmentation algorithm. Compared with traditional Water-
shed [25,26], it has the advantages of a fast computing speed, accurate boundary positioning,
etc. The segmentation principle of MW is shown in Figure 2. It uses the gray value of each
pixel in an image as the segmentation standard, which is high at the edge of the particle
and low in the middle. Therefore, there will be sudden changes in the gray values between
adjacent particles at the edge, or particles and the background. The segmentation starting
points are some local minimum points of manually labeled gray values in the image. When
the adjacent areas meet, barrages are built until all the particles in the image are separated.
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Figure 2. Principle of MW.

HOG + SVM is widely used in the traditional object detection field, especially in
human detection, which has achieved favorable results. HOG is a feature descriptor
used for object detection. It calculates the gradient size and direction of each pixel in an
image and combines them into a feature descriptor in order to form a directional gradient
histogram of the image. SVM is a kind of generalized linear classifier that selects a set of
feature subsets, Support Vectors (SVs), from a training set (the extracted HOG features)
for partitioning. The principle of HOG + SVM is shown in Figure 3. The linear division
of the SV set is equivalent to segmenting the boundary of the particles (the whole data
set). Therefore, the linear division of SV not only ensures accuracy and precision in the
classification, but also reduces the complexity.
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Figure 3. Principles of HOG and SVM.

Faster R-CNN is a representative of two-stage object detection algorithms based on
depth learning and is used to detect object size. Here, CNN is used to replace low-level
visual features, such as color and texture. The main characteristic of the algorithm is that the
Region Proposal Network (RPN), instead of the Selective Search (SS), generates candidate
boxes. The main steps of the algorithm are shown in Figure 4. RPN makes the whole
detection process completely constructed with the neural network and can greatly improve
the generation speed of the candidate box, thus greatly overcoming the shortcomings of low
accuracy, reducing the detection time, and improving the overall detection performance.
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YOLOv3 is a representative of end-to-end CNN, whose fast detection speed truly
realizes the object detection in video, making real-time object detection a reality. The
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implementation principle of the algorithm is shown in Figure 5. It is worth mentioning
that its backbone network is Darknet-53, which is used to extract image features. Through
this step, feature images of three sizes (13 × 13, 26 × 26, and 52 × 52) can be obtained.
In particular, the 52 × 52 feature images overcome the poor detection effect associated
with small objects before this period. Therefore, this algorithm is particularly proficient at
detecting small objects and greatly reduces the detection time.
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3. Selection of an Appropriate Approach

In this paragraph, the four approaches were used to detect particles in the coke
images. Then, lab experimental data were employed in order to verify the models. The
implementation, detection effects, and performance of the approaches were compared.
The best approach, with high performance and suitability for coke image detection, was
selected.

3.1. Implementation of Four Approaches for Coke Image Detection

Particle detection refers to the process of detecting particles from an image, which is
at the core of obtaining the particle size distribution from coke images. The data used in
the study were derived from 826 coke images that were taken by the research team in our
laboratory with a Nikon D810 camera. An image sample is shown in Figure 6, and the
image size is 7360 × 4912 px.
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Because each algorithm belongs to a different field, the realization of coke image
detection using each algorithm is also different. MW belongs to image processing technol-
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ogy, which directly operates images, so no other processing is required for the above coke
images. The performance of machine learning algorithms depends greatly on the datasets
provided. As HOG + SVM is a traditional machine learning algorithm, it needs to learn the
features of coke particles in the images, so the collected images need further processing.
The coke images from the dataset that was used for training are shown in Figure 7, where
the coke particles (positive sample) are presented in Figure 7a, the background (negative
sample) is provided in Figure 7b, and the size of the images is 500 × 500 px. Faster R-CNN
and YOLOv3 are both algorithms used in deep learning, which can utilize VOC format
datasets for model training. The coke image sample of the dataset used for training is
shown in Figure 8, where Figure 8a shows a coke image, Figure 8b presents a labeled coke
image, and the size is adjusted to 2420 × 1637 px in order to reduce the calculation time of
training.
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The realization flow of each approach used for coke image detection is shown in
Figure 9. By comparison, it can be found that, in the implementation process of coke image
detection, MW is the most cumbersome approach, and the operation process of the HOG +
SVM combination is also more complex, which requires multiple iterations of training for
the dataset. The implementation process of Faster R-CNN and YOLOv3 is the same and is
least affected by human factors as it only involves people in the initial dataset preparation
stage.

Figure 9. The realization flows for coke image detection. (a) MW; (b) HOG + SVM; (c) Faster R-CNN
and YOLOv3.

3.2. Comparison of Detection Results

The image detection results can most intuitively show the superiority of the algorithms
for their particular application scenarios. Therefore, this section uses the process and model
obtained in the Section 3.1 to detect the same coke image. The detection results are shown
in Figure 10.

In Figure 10a, particle detection using the MW algorithm achieved the corresponding
segmentation for the severely adhered and stacked coke images. The particles on the image
surface are generally labeled. However, the results also had several flaws:

1. A number of partially exposed coke particles were also detected as single particles.
2. The partially attached coke particles could not be separated completely.
3. The coke particles are over-divided.

The above problems are reflected in studies conducted by Chen [27] and Bai [6],
although they are aimed at alleviating over-segmentation. For the purpose of our study,
the main problem associated with MW was that the process of particle detection using the
algorithm was very complex, especially at the stage of image preprocessing. This is because
it needs to adjust the parameters according to human observation and experience, resulting
in unstable segmentation.

In Figure 10b, the results of the HOG + SVM algorithm exposed multiple problems for
the coke images, among which the two aspects with the greatest impacts were:
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(1) Most of the object particles were not detected. The specific reason for this is that, after
the HOG feature extraction from the detection window, no samples matching the
HOG feature extracted from the detection window were found in the model during
the processing of complex images. Because of this, the detection area of the object was
determined to be the background, resulting in missed detection.

(2) Due to the fixed proportion of the detection window and the varied size of the object
particles in the coke image, in the final detection results, the boundaries of several
detected boxes deviate from the objects.

In Figure 10c,d, except for some small particles or ones in the back, Faster R-CNN and
YOLOv3 both accurately detect the coke particles on the surface of the image. According to
the detection results, these models can be used to detect objects in the coke images since
the particles are correctly marked with boundary boxes.
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The accuracy of the particle detection model has a significant influence on the detection
results. If the particles in the image are misidentified or missed, or if the size recognition
errors are large, the detection results will lose significance. Based on the description above,
the four detection models were used to detect 20 test images, and the number of particles
in the corresponding coke images was manually counted. In the data comparison, four
parameters were used for comparative analysis, including the accurate rate (P), Recall rate
(R), Missed rate (E1), and Error rate (E2). The results of this comparison are shown in
Figure 11. The calculation formulas for each parameter are as follows:

P =
TP

TP + FP
(1)

R =
TP

TP + FN
(2)
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E1 =
FN

TP + FN
(3)

E2 =
FP

TP + FP
(4)

where TP is the number of correctly detected coke particles; FP denotes the number of
mistakenly detected coke particles; FN expresses the number of coke particles that have
not been predicted. The data came from an average of 20 detection images.
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Figure 11. Comparison of four approaches using experimental results.

The statistical results for the comparative data are as follows:

P reflects the correct proportion of particles detected. YOLOv3 was the highest, reaching
97%, whereas HOG + SVM, MW, and Faster R-CNN correctly detected 81.8%, 75.8%, and
92.5% of particles, respectively. This indicates that all four approaches can detect particles
correctly, but YOLOv3 can better meet the requirements of image detection.
R reflects the proportion of particles detected in the total number of particles. Faster
R-CNN was the best, accounting for 82.2%, whereas MW, HOG + SVM, and YOLOv3
detected 20%, 55.6%, and 71.1%, respectively. According to these data, none of the four
approaches perform well, especially MW and HOG + SVM. This is due to the limitations of
the image detection itself because the occluded particles cannot be detected. However, the
performances of YOLOv3 and Faster R-CNN also show that these two approaches can be
used to detect coke images, since both of them are greater than 70%.
E1 reflects the proportion of the number of coke particles not detected by the algorithm
model to the total number, which is relative to R. This data more clearly indicates that
MW and HOG + SVM cannot be used for coke image detection because too many particles
remain undetected (80% and 44.4%), whereas YOLOv3 and Faster R-CNN can be used for
coke image detection since they can detect the vast majority of particles (28% and 17.8%,
both less than 30%).
E2 reflects the wrong proportion of particles detected, relative to P. YOLOv3 is the lowest,
with only 3%. Faster R-CNN takes the second place, reaching 7.5%, which is less than 10%.
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MW and HOG + SVM wrongly detected 24.2% and 18.2% of the particles, respectively.
As a result, YOLOv3 and Faster R-CNN achieve a higher detection effect for the particles
detected. By contrast, MW and HOG + SVM are inferior.

In summary, the first task of coke image detection is to detect as many of the particles
as possible, and then to consider the accuracy of the detected particles. Therefore, through
the above experimental analysis, the following conclusions can be drawn:

(1) Although the MW algorithm can detect the coke image, the processing process is the
most complicated and cumbersome, which is greatly affected by the operator. The
robustness of the approach is low, and E1 reaches 44.4%. The processing process of
HOG + SVM is relatively complex, but the most fatal limitation is that the detection
results of the coke images is very poor, and E1 reaches 80%. Therefore, these two
algorithms are not suitable for coke image detection.

(2) Faster R-CNN and YOLOv3 have good detection effects, and there is no significant
difference between them. Both of these methods recognize more particles in the
images. Although the recall rate of the former is higher than that of the latter (82.2%
and 71.1%), the accuracy rate is slightly lower (81.8% and 97%). From the above
aspects, both of these algorithms can be used for coke image detection.

3.3. Further Comparison of Faster R-CNN and YOLOv3 Detection Results

The comparative analysis in the above section does not clearly elucidate the difference
between Faster R-CNN and YOLOv3, so this section mainly compares the two approaches.
Because the purpose of coke image detection is to obtain the coke particle size distribution,
so as to realize the online particle size distribution detection, the detection speed is a critical
metric that can be used to assess the algorithm.

Since Faster R-CNN and YOLOv3 are both object detection algorithms based on deep
learning, which can be compared in terms of their precision and speed, in the contrast
experiment, Faster R-CNN and YOLOv3 coke particle detection approaches were used to
detect 20 groups of coke images (10 for each group). The average detection precision and
detection speed for each group of detected results was evaluated, and the statistical results
are shown in Figure 12.
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Figure 12a shows a comparison of the mean average precisions (mAPs) of the two
approaches. There was no significant difference between the MAPs for the coke images.
The average mAP for Faster R-CNN was slightly higher than that of YOLOv3. The average
mAP of the Faster R-CNN model was 93.391%, and the average mAP of the YOLOv3 model
was 91.348%, both of which are greater than 90%. The values indicate that both approaches
can be used for the coke images.
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Figure 12b shows a comparison of the detection speeds. It can be seen that the
detection speed of the YOLOv3 model was much faster than that of the Faster R-CNN, with
an average detection speed of 1.269 Fps for Faster R-CNN and 5.419 Fps for YOLOv3. The
average detection speed of YOLOv3 was about five times faster than that of Faster R-CNN.

In practical applications, the detection speed is the most significant parameter and the
necessary condition to meet online detection, as long as the detection accuracy meets the
application requirements. Therefore, YOLOv3 is more suitable for the online detection of
coke images than Faster R-CNN.

4. Realization of Coke Particle Size Distribution

In actual production, coke particle size is expressed by particle size distribution,
which denotes the percentage of particle mass with different size levels in the total mass,
usually measured by the screening method. In order to verify the feasibility of the online
detection of coke particle size distribution, this chapter first converts the detection results
for YOLOv3 into coke particle size, collects coke particle size distribution statistical data,
and then compares them with the actual coke particle size distribution data obtained by
screening. Finally, the detection results were modified by modifying parameters in order
to make them more consistent with the data obtained by screening, so as to meet the
application requirements of the BF production site.

4.1. Particles Size Calculation of Detection Results

Particle size characterization is the first step to analyzing particle size in the image. It
is necessary to select reasonable characterization parameters that represent the particle size.
The particles identified by the YOLOv3 detection method are represented by boundary
boxes, which are rectangular boxes with four sides that are parallel to the image edge and
connected to the particles. Hence, two parameters are given: length and width. After
comparative analysis, the experimental team finally selected the length of the bounding
box to characterize the particle size.

A pixel is the smallest unit of an image. The size represented by the pixel can be used
to obtain the size of the particles in the image. In this paper, the reference method was
employed in order to calculate the actual size of the coke particle, that is, an object with a
known size in the image was selected for the conversion of the quantity relationship. The
conversion relationship is as follows:

tw = dw × Aw

Pw
(5)

where tw represents the actual particle size, dw denotes the particle pixel size, Aw is the
actual size of the reference object, and Pw expresses the pixel size of the reference object.

In order to test the applicability of the YOLOv3 model, 110 images of coke particles
were taken in the laboratory with the black belt of the BF as the background. An example is
shown in Figure 13a. All the images were detected, and the particle size distribution was
counted. After each coke image was taken, the coke particles were screened by square hole
sieves. The sieves are shown in Figure 13b (the mesh sizes were 25 mm, 40 mm, 60 mm, and
80 mm, respectively). The sieves were used to obtain data regarding the size distribution of
the sieved particle. The size of each coke particle was between 0 and 80 mm.

YOLOv3 was used for particle detection in the coke images, and an example of the
detection results is shown in Figure 13c. It can be seen from the figure that the model is
able to detect almost every particle, with excellent detection results. At the same time, the
particle size was transformed for the detected particles, and the particle size is given in the
bounding box of each particle.
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4.2. Statistics and Correction of Particles Size Distribution

Through the operations outlined in Chapter 4.1, 110 coke images and sieved particle
size results were obtained. The detection results of 10 images were averaged and further
data processing was carried out in order to obtain a cumulative curve between the detected
particle size and the corresponding sieved particle size. The results are shown in Figure 14.
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As seen in Figure 14, the detection size accumulation curve is parallel to the screen
size accumulation curve, indicating that the detection size represents the trend observed
for the particle distribution. However, the detection particle size accumulation curve is
lower than the screen particle size accumulation curve. Furthermore, there are points with
particle sizes greater than 80 mm, meaning that the detection size was smaller than the
screen size.

Two reasons arise for the error observed between the detection size distribution and the
corresponding screen size distribution. On the one hand, the detection size characterization
method is different from the screen method. On the other hand, image detection can
only obtain particle information on the surface of the material heap, whereas the particle
information of the material heap is obtained by a screen. In order to make the detected
particle size distribution better represent the overall particle size of the pile, it is necessary
to modify the detected particle size distribution.

In this paper, Bernhardt’s [28] and Mora’s [29] methods were employed for the ref-
erence. Correction coefficient C was introduced in order to correct the detected particle
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distribution (Detection P). The Corrected P of the distribution of the modified particles is as
follows:

Corrected P = C × Detection P (6)

In order to determine the value of C, a trial-and-error method was employed, and
different values of C were used. The detected particle size distribution was compared with
the screen particle size distribution until the closest match was achieved. The difference
between the detected particle size distribution and the screened particle size distribution
was compared using the Root Mean Square Error (RMSE), which is calculated as follows:

RMSE =

√
1
N ∑N

i=1( fi − yi)
2 (7)

where N is the total number of samples, fi denotes the value after correction, and yi
represents the value before correction.

The RMSE of the screening size distribution and the detection size distribution under
different values of C is shown in Figure 15.
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As seen in Figure 15, when the value of C is 0.78, the RMSE between the screen
size distribution and the detection size distribution is the smallest. Therefore, 0.78 was
considered the correction coefficient for the detection size distribution of the coke data.
C was used to modify the detection particle size distribution, and 100 coke images were
divided into five groups of experimental data in order to modify the detection particle size
accumulation curve, screen particle size, and detection particle size accumulation curve, as
shown in Figure 16.
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Figure 16. Comparison of particle size for five groups of experimental data.

Figure 16 shows the particle size accumulation curves for the screening size, detection
size, and corrected detection size for the five groups of experimental data. The errors be-
tween the screening and detection accumulation curves are large and decrease significantly
after correction. The corrected accumulation curve of particle size is basically consistent
with that of the screen.

The RMSE between the detection size accumulation curve and the screen size accumu-
lation curve before and after modification of the five groups of experimental data is shown
in Figure 17.
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As can be seen from Figure 17, the corrected RMSEs of the five experimental samples
decreased significantly. The largest decrease was 97.55%, and the average RMSE decreased
by 83.78% from 0.3144 to 0.051. This indicates that the corrected particle size distribution
was closer to that obtained by sieving.

This proves the effectiveness of the particle size statistics method. YOLOv3 can be
used for the online detection of the coke particle size distribution in coke images instead of
the screening method. In addition, the research team collected coke images on the main
feeding belt of a domestic steel plant’s BF, established a data set, and trained the YOLOv3
algorithm model based on it. The model has been applied in the field and has achieved
favorable operating results.

5. Conclusions

In this paper, a new online measurement method of particle size distribution was
proposed in order to overcome the shortcomings of the screening method in obtaining the
particle size distribution of raw materials, and the reliability of the method was verified.
Firstly, the detection results, detection accuracy, and detection speeds of four approaches
(MW, HOG + SVM, Faster R-CNN, and YOLOv3) for coke images were compared and
analyzed, and YOLOv3, with the highest performance, was selected as the final online
measurement approach. Secondly, the particle size distribution of the coke image was
obtained using YOLOv3 and was compared with the actual screening data. The correction
coefficient C was introduced in order to correct the error between the two, and the corrected
results were evaluated using the RMSE parameter. The results show that the modified
detection results are basically consistent with the data obtained using the screening method.
This proves that YOLOv3 can be used for the online measurement of the particle size
distribution of BF coke.

The following results and conclusions are highlighted:

(1) Although the combination of HOG + SVM in traditional machine learning algorithms
performs well in human detection, it performs poorly in coke images. During coke
image detection, the HOG feature extracted by the detection window did not match
the samples in the model, resulting in poor detection results. The MW in image
segmentation performs well in coke image detection. However, because the approach
is very sensitive to changes in the image, the parameter settings in the processing
steps are highly dependent on the operator’s experience and on environmental factors.
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Therefore, they cannot satisfy the detection requirements of various coke images in a
BF.

(2) The Faster R-CNN and YOLOv3 models both performed well on the coke images
that were used in the experiment, with little difference. The statistical results of the
test images show that their recall rates were 82.2% and 71.1%, respectively. For the
parameter, the Faster R-CNN model performed better than the YOLOv3 model. The
error rates were 7.5% and 3.0%, respectively, indicating that the YOLOv3 approach
is more accurate than the Faster R-CNN. The average mAP of the Faster R-CNN
was 93.391%, whereas the average mAP of the YOLOv3 was 91.348%. The values
of both of these models on this parameter were greater than 90%. Hence, both of
them can be used for the detection of coke images and both meet the requirements.
The average detection speeds of the two approaches were 1.269 Fps and 5.419 Fps,
respectively. The detection speed of the YOLOv3 was nearly five times faster than
that of the Faster R-CNN. In practical application, the detection speed is regarded as
a very important evaluation index on the basis of satisfying the detection accuracy.
Therefore, the YOLOv3 model is better for the detection of coke images than the Faster
R-CNN model.

(3) The YOLOv3 model was employed to calculate the actual coke particle size distribu-
tion, and the cumulative curve of particle size distribution was obtained. Compared
with the actual screening data, we concluded that errors were mainly caused by
the particle size characterization method used, and the measurement range was not
correct. In order to correct this error, a correction coefficient for the particle size distri-
bution curve was adopted. The experimental results show that the average RMSE of
the particle size distribution cumulative curves obtained between the YOLOv3 and
screening method was 0.314. After the cumulative curve of particle size distribution
was corrected with the correction coefficient C = 0.78, the RMSE between them was
reduced to 0.051, which is basically the same. These results prove the effectiveness
of the particle size statistics method and the feasibility of the YOLOv3 approach for
obtaining coke particle size distribution.
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