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Table 1 Experimental arrangements and results
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WS REZEDER P EER. 4iE . B
WA B 5 A3, B 0.62~33 m, Hiff 55°~85°,
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Ratio of

Ratio of

Slurry  Cement o UCS/MPa Slurry  Cement o UCS/MPa
No. density/ dosage/ . arilf:t:;azlm d No. density/ dosage/ . arr:t:;;a;n d
% % ggtaffmgs 7d 14d 28d % % ggtaiings 7d 14d 28d
1 64 12 1.4 02 03 06| 14 70 27 1.4 1.7 29 40
2 64 17 24 03 06 10| 15 70 32 24 24 34 57
3 64 22 34 05 0.7 1.1 | 16 73 12 44 04 07 09
4 64 27 4.4 06 13 21| 17 73 17 5.4 .1 16 24
5 64 32 5.4 1.0 14 22| 18 73 22 1.4 1.7 29 45
6 67 12 24 04 06 07| 19 73 27 24 23 32 51
7 67 17 34 04 0.7 1.1 | 20 73 32 3.4 34 51 67
8 67 22 4.4 06 07 117 21 76 12 5.4 06 09 15
9 67 27 5.4 08 1.6 1.8 | 22 76 17 1.4 15 16 29
10 67 32 1.4 1.8 3.0 41| 23 76 22 24 22 27 58
11 70 12 34 04 06 10 | 24 76 27 3.4 33 47 76
12 70 17 4.4 06 1.0 14| 25 76 32 44 48 57 102
13 70 22 5.4 09 12 22
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Prediction of backfill strength in underground stope based on
strength reduction and intelligent algorithm

JI Kun, HAN Bin, HU Ya-fei, WU Fan, QIU Jian-hui

(School of Civil and Resource Engineering, University of Science and Technology Beijing,
Beijing 100083, China)

Abstract: Backfill mix proportion changes greatly during the test running of backfill system, thus, obtaining the
backfill strength of particular stopes accurately and quickly plays an important role in the safety of mining in
adjacent stopes. This paper firstly established an ANN-PSO intelligent prediction model by taking slurry density,
cement dosage, ratio of artificial aggregate and tailings and curing time as input factors, and uniaxial compressive
strength of laboratory backfill as output factor. Subsequently, the concept of predicted strength reduction
coefficient of backfill was defined, and the strength reduction coefficient k£ was obtained by comparing the backfill
strength of laboratory experiments and backfill strength of actual production under the same mix proportion. The
results show that the model reveals a good prediction performance for the backfill strength of laboratory
experiments, with a mean relative error (Eyg) of 2.41% and a determination coefficient (R”) of 0.992. Based on the
ANN-PSO model and strength reduction coefficient %, the backfill strengths of actual production of 263 access
during the running period are predicted and analyzed, which provide timely and effective guidance for the support
works of mining in adjacent stopes.

Key words: strength of backfilling body; intelligent prediction; artificial neural network; particle swarm

optimization; strength reduction
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