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Fig. 1  Analysis diagram of influencing factors on tailings grade
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Table 1 Mean squared error of neurons on different

hidden layers

SRR P LEEPIvghe S ¥ 2%
3 0.0114
4 0.059 3
5 0.158 5
6 0.019 5
7 0.086 4
8 0.004 1
9 0.488 7
10 0.1100
11 0.007 5
12 0.061 2
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Fig. 2 Structure diagram of the BP neural network
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Table 2 Production data of the Dongliang Gold Mine over

the past 5 years (part)

WPRE R R AR ARV HULENRRE, AR AL
(t+h™) (got) B/ /% (kg-t™") (gt

58.03 0.86 88.61  39.21 1.29 0.10
59.20 0.72 88.56  39.32 1.37 0.08
55.32 0.93 86.23  38.73 1.59 0.10
56.36 0.98 87.83  39.08 1.40 0.10
55.05 0.84 85.08  36.23 1.22 0.11
54.57 0.50 85.75  32.33 1.74 0.07
54.17 0.51 86.13  32.63 1.57 0.07
52.81 0.44 85.19  37.79 1.49 0.07
51.68 0.41 85.05  37.02 1.72 0.08
51.68 0.33 84.24  35.05 1.56 0.09
53.40 0.48 87.54  36.04 2.08 0.07
55.57 0.71 87.56  38.80 1.47 0.07
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Table 3 Normalized production data (part)

SRR JEA AL NGBS AR SRRSO

(t-h™") (g-t™) /% E/% (kg-t™) (g-t™)
0.70 0.38 0.64 073 0.30 0.37
0.83 0.29 0.64  0.74 0.37 0.15
0.40 0.44 029 068 0.57 0.38
0.52 0.47 053 072 0.39 0.44
0.37 0.37 0.12 041 0.24 0.59
0.32 0.12 022 0 0.70 0.06
0.27 0.13 028  0.03 0.55 0
0.12 0.08 0.14 058 0.48 0.05
0 0.06 0.12 050 0.68 0.14
0 0 0 0.29 0.53 0.26
0.19 0.11 049 039 1.00 0.04
0.43 0.28 049  0.69 0.46 0.01
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Table 4  Training parameters of the BP neural network
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Fig. 3 Training results of the BP neural network
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Fig. 4  Simulation results of the BP neural network
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Optimization of carbon-in-pulp gold extraction process metrics based on the BP neural network

Zhu Deyu' %, Shen Yanbai', Zhang Liying®
(1. School of Resources and Civil Engineering, Northeastern University;
2. Hebet Dongliang Gold Mining Co., Lid., China National Gold Group Corporation;
3. Shenyang Honest Safety Technology Service Group Co., Ltd.)

Abstract: The carbon-in-pulp (CIP) gold extraction process is widely used in the gold beneficiation field. However,
due to the inherent characteristics of the process, there is a lag in metrics control. At present, metrics adjustment is typically
carried out through post-analysis of issues, which significantly increases the uncertainty in process control. To effectively
address this issue, a three-layer BP neural network model was constructed, with the number of neurons in the input,
hidden, and output layers set to 5, 8, and 1, respectively, for predicting the tailings grade in the CIP process. The network
was trained using actual production data from the Dongliang Gold Mine, and the results showed good network fitting
performance. The trained network was then used to simulate and verify 30 sets of on-site production data, achieving a
simulation accuracy of 85.52 %, effectively resolving the issue of lagging tailings grade in the CIP process. In addition, pro-
cess optimization was performed using the BP neural network, and the optimal process parameters were identified. After
optimization, the tailings grade was reduced to 0.08 g/t, significantly improving the utilization rate of gold resources.

Keywords: BP neural network; carbon-in-pulp gold extraction process; metrics prediction; process optimization;

single-factor analysis; resource utilization
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Stope stability analysis in the Jinqingding mining district

Nie Peiqiang, Zheng Yongsheng, Jiang Qianshan, Li Hongpu
(Shandong Jinzhou Mining Group Co., Ltd.)

Abstract: Based on the geological conditions and mining environment in a certain ore section of the Jinqingding
mining district, This study investigates the mechanical stability of stopes using limit span theory, foundation beam theory,
and rheological models. Through mechanical analysis of the stope roofs, floors, pillars, and filling bodies, the effective-
ness of the existing support system is evaluated. The results show that the current support measures have certain limita-
tions under deep high-pressure conditions, affecting the stope stability. To improve the support effectiveness, targeted
optimized support plans are proposed, including increasing support strength and density, as well as improving support
structure design. The research provides theoretical foundations and practical guidance for stope stability analysis and
support design in the Jinqingding mining district.

Keywords: mechanical model; stress analysis; stope stability; limit span theory; foundation beam theory; rheological

model; support system



