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Fig.1 General flow of wolframite beneficiation
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Fig.2  General structure of convolutional neural networks
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Fig. 4 Ore data set categories: (a) Surrounding rock; (b) Tungsten ore; (c) Quartz
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Table 1 Transfer network information

Network information VGG19 ResNet-50 Inception-v3 Inception-ResNetV2
Year 2014 2015 2015 2017
Layers 19 47 50
Top-5 accuracy 91.0% 92.9% 94.4% 95.3%

Data Augmentation + + +
Drop out + + +

Batch normalization no yes yes Yes

Residual connections no yes no Yes

B, BAFREFSEA LR > AR MR A 5. FERIR
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Fig. 5 TrainAcc diagram of two classification transfer networks: (a) 2-Wu-VGG19-TrainAcc; (b) 2-Wu-ResNet50-TrainAcc;

(¢) 2-Wu-V3-TrainAcc; (d) 2-Wu-ResNetV2-TrainAcc
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Fig. 6 TrainAcc diagram of three classification transfer networks: (a) 3-Wu-VGG19-TrainAcc; (b) 3-Wu-ResNet50-TrainAcc;

(c) 3-Wu-V3-TrainAcc; (d) 3-Wu-ResNetV2-TrainAcc
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Fig. 7 Transfer networks training loss comparison diagram: (a) Two-classification loss curve comparison; (b) Three-classification

loss curve comparison
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Fig. 8 Transfer networks accuracy and loss comparison diagrams: (a) Accuracy comparison; (b) Loss contrast
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Table 2 Network test accuracy of two-classification and three-classification recognitions

Test accuracy of four kinds of binary networks/%

Categories
Wu-Resnet50-2 Wu-VGG19-2 Wu-v3-2 Wu-Resnetv2-2
Surrounding rock 93.52 99.80 19.51 48.31
Tungsten ore 97.51 91.90 89.73 39.22
Average accuracy 95.52 95.85 54.62 43.77

Test accuracy of four kinds of three-classification networks/%

Categories
Wu-Resnet50-3 Wu-VGG19-3 Wu-v3-3 Wu-Resnetv2-3
Surrounding rock 96.71 99.09 4.38 15.40
Tungsten ore 96.19 97.52 75.23 8.71
Quartz 78.60 66.87 37.91 97.91
Average accuracy 90.50 87.83 39.17 40.67
T3 = I AL 5 M HE R R
Table 3 Test accuracy of optimized three-classification network
Test accuracy/%
Network
Training strategy Surrounding rock Tungsten ore Quartz Average accuracy
Strategy 1 99.78 69.9 59 58.5
Wu-ResNetv2 Strategy 2 100 95.8 92.78 96.17
Original 15.40 8.71 97.91 40.67
Strategy 1 100 99.3 91.53 96.94
Wu-v3 Strategy 2 100 99.6 84.9 94.8
Original 4.38 75.23 37.91 39.17

W 2 REUHENE —, PR BEA B B, (AT ARAEAE RS
— R R R S BUS RS SREUERS —, Py
MRKEFESRTE T 55.5%, HAFEIMARKE B BN .
Wu-v3 26 SR B —, P Bk B 52 T T
57.77%, KAKEEE — VMRS FEHE - 7 55.63%, H
HIOMERE . 22 LAl %, Wu-ResNetv2 W45 a]
AT B AR AR T IR B R, TR A
96.17%, Wu-v3 W28 nl i el e 42z |2 B 34T 4
Wb 77 SARFHEONHERR 2R, “PIIREFERTIA 96.94%

4 Tig
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B H ARSI R 26 Ko 2 H AREAT IR o

5 #ZEig
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Beneficiation method of wolframite image recognition based on
deep learning

WANG Li-guan, CHEN Si-jia, JIA Ming-tao, TU Si-yu

(School of Resources and Safety Engineering, Central South University, Changsha 410083, China)

Abstract: Wolframite image recognition is an efficient way to replace concentrator for manual sorting, but the problem is
that the wolframite and surrounding rock cannot be recognized. In this paper, convolutional neural network in deep
learning was used to solve the problem. This method is fast convergence, small data set and accurate classification. Firstly,
the RGB image of wolframite was augmented by rotation and translation to reduce sample imbalance. Secondly, the
neural network optimized in this paper is used for new training based on Keras framework. Finally, the results show that
Wu-VGGI19 has the highest recognition rate of 97.51% in wolframite and surrounding rock recognition. In addition,
quartz gangue category is added to continue the experiment, and the final result shows that the improved Inception Wu-v3
has the highest ore recognition rate, 99.6%.

Key words: wolframite beneficiation; transfer learning; deep learning; image recognition; convolutional neural network
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