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Abstract: Online soft measurement of the component content of each element in a mixed rare earth extraction solution is
a prerequisite for optimizing the continuous extraction production process and ensuring high purity of the product. Existing
soft measurement methods can solve for individual rare earth element fractions independently, but ignore the commonality
between multi-element fractions or between fractions and other relevant factors (e.g. concentration). A multi-task learning
approach is used to explore the commonality between the component content of multiple rare earth elements and between
the component content and concentration in soft measurements of rare earth elements. Firstly, a multi-task deep neural
network is constructed to improve the generalization ability and robustness of the model. Secondly, a multi-objective
optimization algorithm is proposed to improve the prediction accuracy of each task by searching the Pareto optimum. After
several sets of comparison experimental results, it is shown that the method has the best performance when the multi-
element component content or multi-element component content and concentration are trained at the same time, which can
meet the accuracy and real-time performance of online detection of rare earth elemental component content.
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Fig. 6 Images of some mixed solutions of Pr/Nd with differ-
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Fig. 7 Variation of validation set loss function values with
the number of iterations for each method in dual-
prediction task of Pr and Nd component content
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Fig. 8 Variation of validation set loss function values with
the number of iterations for each method in the three-
prediction task of Pr, Nd component content and Pr
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Table 3 Average time duration of single iteration in
single-task learning training
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Table 4 Average time of single iteration for different
multi-task optimization methods in multiple
prediction task training
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Fig. 10 Absolute values of relative errors between predicted
and true values for each method for 10 prediction set
samples under dual-prediction task of Pr and Nd com-
ponent content
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and true values of samples from 10 prediction sets
under four-prediction task of Pr and Nd component
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Table 5 Error evaluation index values of each optimization method for the predicted and true values of
the 10 test set samples under dual-prediction task

SRR R % YRR BHISHR L ME %
Ak i

Prélsy  Nd4Hsr  Prélsy N4y Pridlsy Nd4H 4>
PATSS2E 5] 1.6500  1.7466  0.0095 0.0098  3.5883 7.0937
T A—4k 1.5250 1.6826 0.0101  0.0097 4.3641 3.6881
FEIFZEAMEME 17769 2.1345  0.0102  0.0112  3.9852 5.7753
ZEFE % 1.0878  1.4087  0.0083  0.0080  2.8520 5.1684
ARTT: 1.2232  1.8313 0.0084 0.0105 2.5549 4.4033

%k 6 BT kA ZFMAE 4T 5T 104NN R A R FUNME 5 A R E 69 £ iR 5 ARE
Table 6 Error evaluation index values of each optimization method for the predicted and true values of
the 10 test set samples under three-prediction task

SR ZE % YRR 2 AR ZEL NS/ %

ek %
Pré4  Pré4r  PokEE Prdldr  Prdlsr  PokE PréHs  Pré4 PrkE
BT 1.6500 1.7466  3.7233  0.0095 0.0098 0.0090 3.5883 7.0937  9.4410
A —1k 1.5089 1.3362 10.8166 0.0092 0.0083 0.0186 3.4356 4.4730 28.5365
FIFZEAMESE  1.8979 23569 53189  0.0128 0.0135 0.0120 4.8321 6.0180 12.6839
LEMETH  2.0301 24259 37813  0.0119 0.0129 0.0084 3.5557 5.9204 9.4275
ATTE: 1.8454 20778 2.6511 0.0122 0.0121 0.0054 3.8298 49564  6.6489
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Table 7 Error evaluation index values of each optimization method for the predicted and true values of
the 10 test set samples under four-prediction task
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Prél4y NdA4r Préfldy NdZH4y Préfldy N4y || PrikfE NAKE Prik)E NdRE Prik)¥ NAKE
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ARLTT: 1.2370 1.4235 0.0107 0.0079 4.1913 3.4028 ||5.4961 4.4585 0.0119 0.0091 13.5243 11.0931
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