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Fig. 3 Schematic diagram of depthwise separable convolution
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Table 1 Comparison of experimental results by different models

i) DS-Conv-Mixer-Net PatchTST TiDE DLinear Crossformer Informer
$K MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
24 0.0162 0.0530 0.0165 0.0559 0.0195 0.0675 0.0205 0.0887 0.0383 0.1482 0.1606 0.2864
36 0.018 3 0.0587 0.0183 0.0607 0.0204 0.0703 0.0291 0.1135 0.0555 0.1824 0.1532 0.2630
48 0.0204 0.0639 0.0205 0.0663 0.0222 0.0746 0.0348 0.1328 0.0645 0.1814 0.1836 0.336 1
60 0.0209 0.0659 0.0213 0.0691 0.0229 0.0776 0.0387 0.1467 0.0660 0.1952 0.2608 0.3745
Avg 0.0190 0.0604 0.0192 0.0630 0.0213 0.0725 0.0308 0.1204 0.0561 0.1768 0.1896 0.3150
H:hE/ % 0 0 —1.04 —4.13 —10.80 —16.69 —38.31 —49.83 —66.13 —65.84 —89.98 —80.83
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Fig. 5 Test set performance of different models with

seq_len = 96 and pre_len = 60
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Table 2 Performance analysis of different models with seq_len = 96 and pre_len = 60
DS-Conv-Mixer-Net PatchTST TiDE DLinear Crossformer Informer
o time/s MSE time/s MSE time/s MSE time/s MSE time/s MSE time/s MSE
Ty 2
£ 60 27.7622 0.0209 131.1790 0.021 3 182.766 7 0.0229 44.3950 0.0387 79.7258 0.0660 93.3310 0.2608
PERE/ % 0 0 372.51  —1.88 558.33 —8.73  59.91 —45.99 187.17 —68.33 236.18 —91.99

T = 1) R 500 3R o L G AU AR AR e 10 19 45 21 5 2) T S0 2 ) BB 2 79 X LU A ASE RY U OE BR 45 2R 5 3) PEREAY o time/ 87 BT 76 51 (Y B 2%
7% DS-Conv-Mixer-Net KA L T i 76 51 452 0 11 25380 B2 32 25 71 431G, “ MISE” i 78 471 19 B 78 DS-Conv-Mixer-Net #5281 AH L T Bif 16 51
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Table 3 Results of ablation experiments

DS-Conv-Mixer-Net w/o DSSM
T 2L K
MSE MAE MSE MAE
24 0.016 2 0.053 0 0.016 8 0.056 8
36 0.018 3 0.058 7 0.018 5 0.061 2
48 0.020 4 0.063 9 0.023 0 0.067 3
60 0.020 9 0.065 9 0.023 7 0.069 2
Avg® 0.019 0 0.060 4 0.020 5 0.063 6
Avg? /% 0 0 —7.32 —5.03
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Injection Volume Prediction for In-situ Leaching of Uranium Based on Depthwise
Separable Convolution Mixer Network Model
LIU Zhifeng"*?*, TANG Junxian'?, LIN Zhining'?®, ZHOU Yipeng'?**®
(1. State Key Laboratory of Nuclear Resources and Environment, East China University of Technology,

Nanchang 330013, China;2. National Key Laboratory of Uranium Resources Exploration-Minning and Nuclear
Remote Sensing, Nanchang 330013, China;3. East China University of Technology, Nanchang 330013, China)

Abstract: In-situ leaching of uranium, as a green uranium mining technology, generates massive data
in production operation, which are available for the big data analysis and trend prediction to improve
the reliability of technicians in making production plans. In the current prediction algorithms, the at-
tention mechanism in the temporal prediction model based on the encoder-decoder structure has the
problems of computational complexity and high memory consumption. In this paper, we proposed a
depthwise separable convolutional model, in which the semantic damage caused by fixed segmentation
was reduced by the dynamic sequence segmentation module, and the depthwise separable convolutional
mixer module was used to reduce the model running time and capture local features as well as global
features. The results show that the Mean Square Error (MSE) and Mean Absolute Error (MAE) of
the depthwise separable convolutional hybrid network model are reduced by 1.04% and 4.13% re-
spectively, compared with Patch Time Series Transformer (PatchTST), and the proposed dynamic se-
quence segmentation module MSE and MAE are reduced by 7.32% and 5.03% respectively, compared
to the original model; in the comparative performance analysis, the training speed of this model is
59.91% faster than the Trend Seasonal Decomposition Linear (Decomposition Linear, DLinear)
model. The depthwise separable convolutional model can accurately predict the future trend of sulfuric
acid injection volume in the production operation of the mining area, improve the existing prediction
model for in-situ leaching data by solving the problem of long running time, large running memory,
poor data fitting problems, which provide a theoretical and practical reference for the decision-making
of in-situ leaching production.

Key words: in-situ leaching of uranium; injection volume prediction; depthwise separable convolution;

prediction model





