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RESEArCH ON OrE FrAGMENTATION RECOGNITION METHOD BASED  
ON DEEP LEArNING

The degree of ore fragmentation in mining sites is closely related to crushing efficiency, equipment 
safety, beneficiation efficiency, and mining costs. Aiming to address the challenges of high labour intensity 
and low accuracy during manual ore fragmentation measurement at the mine site, this paper proposes 
a method for ore fragmentation recognition based on deep learning. This method not only uses the residual 
neural network structure to form the backbone feature extraction network of CSPDarkNet21 under the 
Darknet framework but also selects the simple two-way fusion feature PANet as the feature extraction 
network under the condition of only needing to identify large ore. PANet is simplified from three feature 
layers to one feature layer, which speeds up model training and prediction. The research results show that 
with a 6% decrease in accuracy, the model training time is reduced by 13 times, and the model running 
efficiency is improved by 21.2 times, significantly shortening the model development time. At the same 
time, CIOU calculates the loss value to make model training more stable. After the ore identification 
is completed, the real size of the ore can be obtained by calculating the pixel area of the prediction frame 
using the ore fragmentation judgement method.
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1.	I ntroduction

The physical and mechanical properties of rocks are significantly influenced by their internal 
structure, especially the presence of joints and fractures [1]. They can be natural or caused by 
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2.1.1.	Backbone feature extraction network

CSPDarkNet21 is composed of Residual block [15] and DarknetConv2D_BN_Leaky. Among 
them, LeakyRelu [16] was selected as the activation function to speed up the training efficiency. 
After the images pass through the backbone feature extraction network, three size feature layers 
could be output, and then they will be input to PANet for processing and judging features. The 
specific structure is shown in TABLE 1.

TaBle 1

CSPdarknet21 Network structure parameters

Network structure Type Convolution kernel number Image output size
Input 416×416×3

DarknetConv2D_BN_Leaky Conv 32 416×416×32
Residual block_1 Conv 64 416×416×64

Max pool Step 2 208×208×64
Residual block_2 Conv 128 208×208×128
Residual block_3 Conv 128 208×208×128

Max pool Step 2 104×104×128
Residual block_4 Conv 256 104×104×256
Residual block_5 Conv 256 104×104×256

Max pool Step 2 52×52×256
P3 52×52×256

Residual block_6 Conv 512 52×52×512
Residual block_7 Conv 512 52×52×512

Max pool Step 2 26×26×512
P4 26×26×512

Residual block_8 Conv5 1024 26×26×1024
Max pool Step 2 13×13×1024

P5 13×13×1024

1)	 DarknetConv2D_BN_Leaky convolution
	D arknetConv2D_BN_Leaky is composed of a 2D convolutional layer and a regularisa-

tion layer under the framework of Darknet [16]. The regularisation parameter is 5e-4, 
and LeakyRelu should be used as the activation function of the network. Darknet is 
a neural network framework written in C language and CUDA, which enables Dark-
netConv2D_BN_Leaky to be installed quickly and easily, and GPU computing is also 
feasible.

2)	 Residual block
	 Compared with the initial Residual block [17], the residual block is split by the CSPnet 

structure, the main part of the residual block remains unchanged, and the other part is 
directly connected to the output item after a little processing, finally a large residual 
edge is constituted. Among them, the Residual block structure is mainly composed of 
DarknetConv2D_BN_Leaky and some other small structures.
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Among them, Xmax, Xmin, Ymax, and Ymin are the pixel coordinate points at both ends of the ruler. 
The Pythagorean Theorem is used to calculate the distance between the ruler and the pixels in 
the picture. Sr is the length of the actual ruler, and the size of the image input during the neural 
network training process is fixed and scaled in equal proportions. The size of the training picture 
in this algorithm is 416×416, and Smax is the longest side of the actual size of the picture taken 
by the camera. The obtained T is the area of the pixel corresponding to 1 cm2.

Fig. 5. Schematic diagram of reference object

3.2.	D ata set preparation

All experimental samples were randomly sampled from the underground stope and rock 
dump of Yanqianshan iron mine, as shown in Fig. 6. The main recognition part of this article will 
identify the ore, and the feature of the ore is relatively simple. The requirements for the pictures 
in the input data set are low, so grayscale images could be used as the training data set. The data 
set images are made from the video recorded by high-speed cameras, and the definition and blur 
degree are not much different from those taken by normal mobile phone cameras.

1)	The inconsistent light conditions between the pictures collected on site and the pictures 
collected in the laboratory will cause the robustness of recognition to decrease. It will 
have an effect even under grayscale conditions. Therefore, 24 hours of work videos are 
continuously collected in the on-site production environment, and 360 photos are evenly 
selected as the data set in each hour of the video.

2)	The resolution of the collected pictures is 1920×1080, and a total of 3600 pictures are 
selected from the video. After all data pictures are preprocessed, a data set of 7200 pictures 
is obtained. In the end, 85% of all data pictures are used as the training set, 10% as the 
test set, and 5% as the validation set.
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3.4.	O re fragmentation judgement

In the actual calculation process, the size of the anchor box is used to calculate the actual 
size of the ore. Since there is a certain error between the shape of the anchor box and the shape 
of the actual ore, a correction parameter is needed to make the algorithm more accurate. Under 
tensorflow2.2, semantic segmentation is used to mark the pictures as the correct values, and com-
pared with the values obtained by the algorithm in this paper, the final correction error parameter 
is determined to be 0.86. The calculation method is shown in Formula 6.

	 S = T * W * H * 0.86	 (6)

Among them, S represents the extreme value of the ore fragmentation judgement, W and H are 
the length and width values obtained by the anchor box, and T represents the size of the measured 
scale. The 0.86 error correction parameter can be changed according to the actual situation, and 
the calculation example is shown in Fig. 7.

Fig. 7. Parameter selection

4.	 Result and discussion

In order to verify the processing speed and effectiveness of the OIR method, 10% of the 
total sample is selected as the test set to compare the OIR model and Unet semantic segmenta-
tion. The marked pixel area is used as the correct value for comparison. The top three values of 
the anchor box are the recognition category, the confidence coefficient, and the pixel area of the 
anchor box/1000. The specific comparison is shown in TaBle 3.
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TaBle 3

Comparison of Unet segmentation and OIR

Original  
image

Label  
image

Unet split  
image

OIR recognition 
image

Unet/OIR 
accuracy

97.34/91.17

99.77/92.10

98.82/90.96

94.13/90.23

98.88/90.00

97.13/92.18

95.65/92.64

96.41/91.21

96.15/94.33

It can be seen from TABLE 3 that the accuracy of the OIR model is 6% lower than the ac-
curacy of the Unet semantic segmentation model on average. In the training process, because 
the target detection algorithm structure is used in the OIR method, and only one feature size is 
used for prediction, the resources required for training are effectively reduced. In the case that 
the number of Unet data sets is 1/3 of the number of OIR method data sets, the training time of 
Unet for one epoch is 13 times that of the OIR method. When the accuracy is acceptable, the OIR 
method has a stronger practical application value. In the recognition process, the average time 
for Unet to recognize a picture is 297 ms, while the average recognition time for OIR is 14 ms. 
The Unet model takes 21.2 times the time of the OIR model. For the above reasons, the OIR 
method can also quickly recognize and judge the ore fragmentation in the video (for example, 
on a conveyor belt).








	Tomasz Janoszek￼1*
	Numerical Simulation of Methane Distribution at the Longwall Working with Various Stages of Shearer Advance

	Natalia Suchorab-Matuszewska￼1*
	Data-Driven Research on Belt Conveyors Energy 
Efficiency Classification

	Shahab Saqib￼1*, Mohsin Usman Qureshi￼2, 
Hafiz Muhammad Awais Rashid￼3, Danish Ali￼4, 
Ali Murtaza Rasool￼5 

