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Fig.1 The value of mutual information between each flotation condition factor and flotation recovery
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Table 1 Network mean squared error corresponding to the
number of nodes in different hidden layers
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Flotation Recovery Prediction of Zijinshan Copper Ore Based on I-GWO—-BP
Neural Network
XIA Yongtao', MA Yingqiang, YIN Wanzhong', ZHONG Shuiping'?, LU Jun’, ZHANG Dewen’, ZHAN

Yinquan'

1. Zijin School of Geology and Mining, Fuzhou University, Fuzhou 350108, China;
2. FujianKey Laboratory of Green Extraction and High—value Utilization of New Energy Metals, Fuzhou 350108, China;
3. Zijin Mining Group Co., LTD., Shanghang 364200, China

Abstract: The traditional method of measuring flotation recovery has some problems, such as low efficiency and
hysteresis. Combined with the flotation plant production of Zijinshan sulfide copper ore, characteristics selection of
flotation condition factors such as raw ore grade and dosage of ammonium dibutyl dithiophosphate was carried out based
on MI (Mutual Information) method. On this basis, three prediction models of flotation recovery were established based on
BP (Back Propagation) GWO-BP (Grey Wolf Optimizer—Back Propagation) and I-GWO-BP (Improved—Grey Wolf
Optimizer—Back Propagation) . The flotation workshop production data of Zijinshan sulfide copper ore were selected for
neural network training and verification test, and the accuracy of the flotation recovery prediction model was analyzed. The
results showed that compared with BP and GGO—BP, the flotation recovery prediction model based on [FGWO-BP had a
root mean squared error and a correlation coefficient and the predicted value of flotation recovery was the closest to the true
value, and the generalization ability of the network was significantly stronger. The results of this study can support the
development of efficient, accurate and automatic online prediction techniques for flotation recovery.

Keywords: flotation recovery; mutual information method; BP neural network; improved gray wolf algorithm

51 FtE: BUKWE, B3R, BT, BOKF, B2, REESC, SO BT I-GWO-BP MZ M 4K 1) 58 4 LU B35 RIS N s 72 (1], B 7=
5, 2023, 43(3): 51-59.
XIA Yongtao, MA Yingqgiang, YIN Wanzhong, ZHONG Shuiping, LU Jun, ZHANG Dewen, ZHAN Yinquan. Flotation recovery
prediction of Zijinshan copper ore based on [-GWO-BP neural network [J]. Conservation and Utilization of Mineral Resources, 2023,
43(3):51-59.

% #&5 B 4k : http://kebhyly.xml-journal.net E-mail: kebh@chinajoumal.net.cn

BISIEEE N
a8 (1983—), J, WA Ur), WAL BIRA, fi M ORA R 0z R S0 R
7] O F R BAE | MELE O B ROR 5 BE ST W B WESE TAE . B ES AR e T H
- LI, FR 4 B ARBE A G 2 T, 50 TRk 5 BOR [ 2 S S T e 6 2 W, M
N BHETE R BT H 738 1 00, 2 5EK AR EETH 2. Z25HMmEE 30, &
‘Z. FEARIEIC 60 R, AR EF LWL A 500, SR BE R R AR 10, L ()R
1) CEGRHARR ) F I RIFERZE, K15 2022 F (GBI L) JE “RBEHFEFRER”

FRENT .



	1 基于浮选条件因子的特征选择
	2 BP神经网络模型
	2.1 基于BP神经网络的浮选回收率预测模型
	2.1.1 输入、输出层的设计
	2.1.2 隐层神经元的设计

	2.2 基于GWO&#8722;BP神经网络的浮选回收率预测模型
	2.3 基于I&#8722;GWO&#8722;BP神经网络的浮选回收率预测模型
	2.3.1 基于Tent混沌映射初始化种群更新策略
	2.3.2 非线性收敛因子更新策略


	3 数据预处理
	3.1 数据去噪处理
	3.2 数据归一化处理

	4 网络模型的训练与验证实验
	4.1 网络模型的训练
	4.2 验证试验

	5 结论
	参考文献

