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Abstract: NdFeB (neodymium-iron-boron) permanent magnetic materials have been widely applied in modern industry
and electronics due to their exceptionally high magnetic energy product and coercivity. However. in practical
production, the compaction process— a critical stage in NdFeB manufacturing— still relies primarily on operator
experience for setting process parameters. Variations in operator expertise and the inherent complexity of the
production process often lead to unstable parameter settings, which adversely affect product quality and result in
resource wastage. To accurately predict the process parameters during the powder compaction stage, this study
proposes a Dynamic Layered Adjustment CatBoost (DL A-CatBoost) multi-output prediction model. Furthermore, an
innovative hybrid optimization strategy, PSO-DSS-NSGA-III, which integrates particle swarm optimization to guide
dynamic search space adjustment, is introduced to achieve multi-objective cooperative optimization of the model s
hyperparameters. Experimental results demonstrate that the DILLA-CatBoost model optimized with the PSO-DSS-
NSGA-III strategy exhibits excellent performance in multi-output prediction tasks, with a root mean square error
(RMSE) ranging from 0.5 to 0.9, a mean absolute error (MAE) between 0.2 and 0.5, and a coefficient of
determination (R*) between 0. 96 and 0. 99, thereby demonstrating its superior predictive capability and establishing it
as an effective new approach for optimizing the process parameters in NdFeB compaction.

Keywords: NdFeB permanent magnets; parameter optimisation; CatBoost algorithm; multi-objective optimization;
NSGA-III algorithm
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Table 3 Hyperparameter optimisation results of the multi-objective algorithm

5 A BkA O 1 E (RMSE) AT ]/ s W S5

MSPSO 2.521 2 2 121. 48 69

NSGA-III 2.301 4 2 173. 49 63

100 ANSGA-III 2.201 4 2 473.49 81
MOMSA 2.203 3 2 411. 55 92

PSO-DSS-NSGA-IIT 2.4316 2 036. 04 76

MSPSO 0.852 4 6 267.00 166

NSGA-TII 0.802 6 6 970.03 209

300 ANSGA-III 0.792 6 7 570.03 254
MOMSA 0.783 1 7 402. 56 223

PSO-DSS-NSGA-III 0.738 7 6 002. 56 130

MSPSO 0.790 1 12 087. 90 216

NSGA-III 0.800 7 19 911.12 298

500 ANSGA-III 0.753 8 16 288.32 288
MOMSA 0.715 4 18 791. 11 291

PSO-DSS-NSGA-III 0.699 1 10 541. 46 207
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Fig. 8 Comparison of loss iterations of multi-objective algorithms
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Table 4 Comparison of hyperparameter tuning results

55 2RI NSGA-III MSPSO ANSGA-III MOMSA PSO-DSS-NSGA-II
iterations 1 000 1607 1944 1855 1733 1585
depth 6 12 12 12 12 12
learning_rate 0.03 0.097 7 0.095 6 0.089 33 0.093 3 0.094 6
12_leal_reg 3 3.551 2 4.572°3 3.758 3 4.011 2 4.141 9

9T B AiE AR S # S7 BY PSO-DSS-NSGA-TIT-DLA-
CatBoost F AU ¥ T I P4 58 , # A AL 5 5L T NSGA-TIT {1k
A DLA-CatBoost i #l NSGA-III-DLA-CatBoost, % T i
T B 5 B b b 9 DLA-CatBoost # # PSO-DLA-
CatBoost, 2L & K fli il PSO-DSS-NSGA-TIT 3k 17 #8 2 54
AL AR DLA-CatBoost . 47 5% 8 Xt kb, #F — 25 56 UE 2
# 5 PSO-DSS-NSGA-TIT 2 8 1A 50 .

[F] B I AR A5 AR AL B B (CHPO) 46 By CatBoost
B HPO-CatBoost, 2 4~ ¥ i 11 CatBoost 41 & #& 7
(multiple single output CatBoost, MSO-CatBoost) , 3 F
W oy i 4k B ¥ Chippopotamus optimization algorithm,
HO) 1 1k ) BP # 28 W 4% (back propagation neural
network, BP) HO-BP, 3 T i fi {i £ & % ( whale
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optimization algorithm, WOA) Itk ) BP # & K 2%
WOA-BP, Ll & XGBoost £ | LightGBM #5% £ ik 17 5 45
X HG o 25 ol A R0 6 Al R B R R A 7 A T 2 2 B0 A I Y
RN 5 FR,

WG 5 0l LIS I, BT #5729 PSO-DSS-NSGA-III 11
1Ly DLA-CatBoost &8 Fil 50 R fc L 5. “iR wE
M R B(RDFE 0. 95~0. 96 Z ], “FE Rl b Gir A & 7 4
Kotk ZB(RTE 0. 98~0. 99 Z 8], “FEMh N HLALE " H &
PERB(RD AR FFTE 0. 998~0. 999, ﬁ#ﬂ@ﬁ%mwﬁm
X HCHR 1) P0G SRR B i R T AR B HL 3 4 7
%% (RMSE) 2 0. 591 9,“3%@2J:$IME”(RMSE)7~7
0.840 5,“FofE FHIALE”(RMSE) N 0. 711 2, 25 FE
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Table 5§ Calculation of evaluation indicators for multi-output regression prediction models
RMSE MAE R’
T i 455 BWE  #AWLE xmwT B #mWL mwT O BW O xmmL mWT
MRy RVE GIME RW ffUE fME BN RME GME
PSO-DSS-NSGA-III-DLA-CatBoost  0.591 9 0.8405 0.7112 0.2754 0.4119 0.2817 0.9612 0.9855 0.998 6
DLA-CatBoost 1.148 0 1.3250 1.924 1 1.1029 0.914 2 0.9297 0.8958 0.9123 0.907 5
MSO-CatBoost 1.8126 2.0000 3.0005 1.1500 1.1000 1.3510 0.8300 0.881 2 0.868 8
NSGA-III-DLA-CatBoost 1.036 5 1.146 2 1.643 3 0.9388 0.8852 0.9003 0.9145 0.908 3 0.909 1
PSO-DLA-CatBoost 1.4558 1.6271 2.1318 1.0135 1.1076 1.1055 0.8711 0.8965 0.897 0
HPO-CatBoost 0.9334 1.0322 1.0539 0.8749 0.8933 0.8951 0.9312 0.9322 0.9369
HO-BP 0.714 2 0.9077 0.8371 0.3144 0.3957 0.3725 0.9411 0.963 1 0.9656
WOA-BP 0.6245 0.9847 0.9907 0.3291 0.5636 0.3144 0.9465 0.9513 0.973 8
XGBoost 0.7603 0.846 3 0.7957 0.3801 0.4319 0.3491 0.936 0 0.9553 0.948 2
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