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Multi-objective Evolutionary Algorithm Based on Ball Spectral
Clustering and Hybrid Indicators
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Abstract: In decomposition—based multi—objective evolutionary algorithms, using Euclidean distance to calculate the sparsity of the popula-
tion to guide the update of weight vectors is a widely adopted strategy. However, this strategy cannot accurately determine the sparsity of the
current population. In the nonlinear Pareto front, it is prone to misjudging individuals in the central region as crowded and preferentially delet-
ing them, while individuals in the peripheral region are misjudged as sparse, resulting in a large number of new individuals clustering in the
peripheral region, namely the center—periphery bias problem. At the same time, some mainstream algorithms may mistakenly delete key solu-
tions by directly deleting points based on sparsity, further exacerbating this problem. To address this, an algorithm MOEA/D-GBSC that inte-
grates particle sphere spectral clustering with hybrid indicators is proposed. It creates particle spheres based on the local structure of the objec-
tive space and performs spectral clustering based on sphere center similarity, mitigating density misjudgments caused by pure geometric dis-
tance. In the environmental selection stage, a weighted hybrid indicator consisting of approximate IGD, HV, and Spread is designed to com-
prehensively score and batch delete neighboring candidate solutions in crowded regions, coupled with the supplementation of an elite pool in
sparse regions, effectively balancing the convergence and diversity of the algorithm. The proposed algorithm ranks in the top 2 on 81.25% of
benchmark instances, with its overall median IGD reducing by an average of 38.18% compared to the overall median level of comparative algo-
rithms, demonstrating significant advantages.
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Table 1 IGD results of each algorithms
®1 BHEMIGDIER

Problem M D NSGA-II MOEA/D-DQN NRV-MOEA SRA AR-MOEA MOEA/D-GMM ~ MOEA/D-SC~ MOEA/D-GBSC
6.147 1e-3 1.045 7e-1 1.108 4e-2 1.283 3e-1 1.051 le-1 8.100 3e-2 7.012 3e-2 6.732 6e-3
MoPL 210 (2.20e-4) = (4.43e-4) - (1.91e-3) - (2.32e-2) - (1.48e-3) — (5.71e-2) - (4.16e-2) - (1.76e-3)
8.378 3e-3 2.3952e-2 3.237 le-2 7.455 2e-1 2.554 le-1 7.522 4e-1 5.731 2e-1 2.259 le-2
MoPz 210 (2.37e-3) + (1.48e-2) - (5.14e-2) - (1.45¢-2) - (1.83e-1) - (3.09e-2) - (1.28e-1) - (3.73e-2)
2.732 4e-2 2.063 4e-2 2.216 8e-2 2.349 2e-2 2.068 le-2 2413 4e-2 2.205 3e-2 2.082 5e-2
7 (1.18e-3) - (6.76¢-5) + (2.80e-3) — (1.36e-3) - (1.23e-4) + (2.05e-3) - (1.15¢-3) - (2.68e-4)
5.036 6e-1 7.501 2e-2 8.703 8e-2 6.890 6e-2 6.881 2e-2 7.553 5e-2 7.370 8e-2 6.946 le-2
Pz s 9 (4.93e-1) - (7.56e-3) - (9.81e-3) - (1.74e-3) = (4.88¢-4) + (3.14e-3) - (3.89¢-3) — (9.98e-4)
4.087 Te+0 1.282 9e-1 2.602 Se-1 9.829 0e—2 1.117 Se-1 1.178 9e-1 1.155 5e-1 1.066 Oe-1
7o (3.57e+0) - (2.34e-2) - (1.16e-1) - (1.33¢-3) + (2.31e-3) - (7.58e-3) - (1.07e-2) - (5.41e-3)
6.953 3e-2 5.501 3e-2 5.996 7e-2 7.568 Te-2 5.447 5e-2 5.462 8e-2 5.574 6e-2 5.352 2e-2
prizz 3 (2.54e-3) - (2.00e-4) - (1.0le=3) - (3.59¢-3) - (1.42e-5) - (2.88e-3) — (1.31e-3) - (4.42¢-4)
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Problem M D NSGA-II MOEA/D-DQN  NRV-MOEA SRA AR-MOEA ~ MOEA/D-GMM  MOEA/D-SC  MOEA/D-GBSC
2.497 6e-1 2.267 4e-1 2.152 9e-1 2.269 5e-1 2.123 2e-1 2.247 2e-1 2.152 8e-1 2.054 3e-1
R (7.51e-3) - (3.61e-3) — (1.48e-3) - (2.39¢-3) - (9.42e-5) - (6.37e-3) — (4.42e-3) - (9.80e-4)
1.984 6e+0 3.655 2e-1 3.417 9e-1 3.415 2e-1 3.401 Oe-1 3.544 2e-1 3.475 Oe-1 3.193 3e-1
7o (2.83e-1) — (5.69e-3) — (1.91e-3) - (3.14e-3) - (8.89e-4) - (6.63e-3) — (7.17e-3) - (2.20e-3)
7.333 8e-2 6.295 8e—2 6.680 le-2 8.463 8e-2 5.826 4e-2 7.583 3e-2 6.060 9e—2 5.987 2e-2
e (6.47e-3) - (8.85¢-3) = (1.03e-2) - (5.28¢-3) - (4.30e-3) + (4.18¢-2) - (3.23¢-3) = (2.51e-3)
o 6.668 3e+0 5.258 6e-1 7.908 9e—1 2.471 3e-1 2279 3e-1 3.226 3e-1 4.949 8e-1 2.661 2e-1
DIz s (5.30e+0) — (6.10e-1) — (6.45e-1) - (1.70e-2) + (9.51e-3) + (3.23e-2) - (1.31e-1) - (2.99¢-2)
8.381 9e+2 8.548 Te-1 1.529 8e+1 3.813 2e-1 1.558 2e+0 6.401 7e—1 6.208 le—1 4.930 7e-1
7o (2.19e+2) - (1.53e+0) = (7.54e+0) - (3.00e-2) + (1.29¢+0) = (1.01e-1) - (2.01e-1) - (1.56e~1)
9.714 3e-2 8.958 4e-2 5.970 0e—2 1.386 3e-1 3.516 8e-1 1.374 0e—1 1.518 2e-1 1.518 0e—1
o (1.60e-1) + (1.62e-1) = (1.22¢-3) = (1.61e-1) + (3.29e-1) = (1.84e-1) = (1.98e-1) - (2.24e-1)
2.457 8e-1 2.515 4e-1 2.165 le-1 2411 8e-1 2.401 9e-1 2.830 9e-1 3.286 8e-1 3.212 7e-1
DTLZ4 5 14
(6.51e-3) = (3.55e-2) = (1.66e-3) + (5.08¢-2) = (7.12e-2) + (9.20e-2) = (1.31e-1) = (1.54e-1)
1.847 5e+0 3.757 4e-1 3.403 le-1 3.699 9e-1 3.443 4e-1 4213 7e-1 3.990 2e-1 4.157 8e-1
7o (1.46e-1) - (2.84e-2) = (1.37¢-3) = (4.24e-2) = (1.80e-2) = (6.10e-2) = (7.55e-2) = (8.67e-2)
2.651 5e-1 3.315 Oe-1 2.393 2e-1 2.935 5e-1 2.207 8e-1 2.269 5e-1 2.135 6e-1 2.132 le-1
PR (8.45e-3) — (2.50e-2) - (6.68¢-3) — (1.08e-2) - (1.34e-4) - (3.28e-3) — (2.58¢-3) = (2.36¢-3)
o 1.280 le+0 2.032 1e+0 1.247 9e+0 1.319 6e+0 1.224 7e+0 1.207 0e+0 1.149 5e+0 1.166 0e+0
WrGs 51 (2.29e-2) - (2.10e-1) - (1.44e-2) - (2.74e-2) - (1.41e-3) - (1.08e-2) — (6.06e-3) + (9.17e-3)
2.772 6e+0 4511 5e+0 2.706 1e+0 2.677 8e+0 2.664 1e+0 2.572 8e+0 2.477 8e+0 2.462 8e+0
7o (5.19e-2) — (3.09e-1) - (3.07e-2) - (3.88e-2) - (6.30e-3) - (2.27e-2) - (1.34e-2) - (9.92¢-3)
2.761 8e-1 3.036 3e-1 2.468 8e-1 3.201 5e-1 2.297 9e-1 2.280 5e-1 2207 3e-1 2.194 8e-1
e (7.99¢-3) - (9.46e-3) - (4.25e-3) - (1.46e-2) - (8.17e-5) - (2.73e-3) - (2.97e-3) = (1.78¢-3)
i 1.257 0e+0 1.893 6e+0 1.241 6e+0 1.326 5e+0 1.213 9e+0 1.162 4e+0 1.122 8e+0 1.133 4e+0
WEGS 3 1 (2.17e-2) - (1.43e-1) - (1.45e-2) - (2.94e-2) - (1.46e-3) — (9.93e-3) — (5.33e-3) + (4.82¢-3)
2.715 0e+0 4313 1e+0 2.696 2e+0 2.664 1e+0 2.637 6e+0 2.506 6e+0 2.425 Te+0 2414 1e+0
! 1o (5.51e-2) - (1.85e-1) — (2.86e-2) — (5.04e-2) - (2.90e-3) - (1.45e-2) - (1.29¢-2) - (1.05¢-2)
3.035 4e-1 3.263 le-1 2.572 2e-1 3.336 8e-1 2.424 9e-1 2.413 5e-1 2.380 5e-1 2311 0e-1
3 12 (1.51e-2) - (2.45e-2) - (1.02e-2) - (1.67e-2) - (1.04e-2) - (1.26e-2) - (1.37e-2) = (1.05¢-2)
1.340 3e+0 1.663 2e+0 1.261 5e+0 1.373 0e+0 1.215 9e+0 1.186 9e+0 1.138 5¢+0 1.152 1e+0
WEee -5 (3.09¢-2) - (2.94e-1) - (1.75e-2) - (2.75¢-2) - (1.16e-3) - (9.10e-3) — (8.31e-3) + (1.43e-2)
2.836 1e+0 3.652 0e+0 2.778 4e+0 2.736 3e+0 2.643 8e+0 2.544 8e+0 2.451 3e+0 2.442 4e+0
Tote (3.83e-2) — (8.00e-1) — (5.27e-2) - (5.60e-2) - (8.60e-3) — (2.49¢-2) - (1.18e-2) - (1.24e-2)
2.839 8e-1 2.944 3e-1 2.416 Te-1 3.092 le-1 2217 6e-1 2.234 4e-1 2.144 Te-1 2.124 9e-1
o (1.26e-2) — (2.01e-2) - (6.23e-3) - (1.08e-2) - (5.16e-4) - (3.92e-3) - (2.92e-3) - (2.45¢-3)
) 1.409 7e+0 1.840 0e+0 1.267 8e+0 1.364 3e+0 1.229 9e+0 1.198 8e+0 1.154 5e+0 1.164 0e+0
WECT 51 (3.79e-2) - (1.44e-1) - (1.56e-2) - (3.53e-2) - (2.75e-3) - (1.13e-2) - (8.55¢-3) + (6.51e-3)
2.976 0e+0 4.129 7e+0 2.736 0e+0 2.653 6e+0 2.670 6e+0 2.570 0e+0 2.479 2e+0 2472 2e+0
7o (8.37e-2) - (4.54e-1) - (2.79e-2) - (4.67e-2) - (1.08e-2) - (2.91e-2) - (1.30e-2) = (1.46e-2)
3.652 6e-1 3.575 le-1 2.866 2e-1 3.576 8e-1 2.790 6e-1 2912 8e-1 2.666 5e-1 2.661 5e-1
e (1.27e-2) - (5.90e-3) - (4.47e-3) - (1.13e-2) - (2.37e-3) - (6.27e-3) - (4.27e-3) = (3.37¢-3)
. 1.469 7e+0 2.179 2e+0 1.254 6e+0 1.364 0e+0 1.226 5e+0 1.236 2e+0 1.162 5e+0 1.184 4e+0
Wres s (3.38¢-2) — (1.38e-1) — (1.31e-2) - (2.70e-2) - (1.86e-3) - (1.97e-2) - (8.12¢-3) + (8.48¢-3)
3.000 5e+0 4.912 8e+0 2.682 4e+0 2.794 3e+0 2.630 5e+0 2.581 8 e+0 2.504 7e+0 2518 7e+0
7ote (3.78e-2) - (1.65e-1) — (4.08e-2) - (3.05e-2) - (1.65e-2) — (2.95¢-2) - (2.52¢-2) = (2.51e-2)
2.786 3e-1 3.430 5e-1 2.348 4e-1 2.941 le-1 2217 9e-1 2.298 4e-1 2.133 9e-1 2.144 4e-1
o (2.73e-2) - (4.56e-2) — (5.45e-3) - (1.00e-2) - (1.50e-3) - (4.53e-3) - (4.32¢-3) = (4.80e-3)
1.398 5¢+0 2.039 6e+0 1.209 3e+0 1.278 7e+0 1.207 8e+0 1.223 5¢+0 1.132 7e+0 1.150 1e+0
WEGS 35 1 (5.53e-2) - (9.56e-2) — (1.43e-2) - (3.04e-2) - (6.17e-3) - (2.37e-2) - (1.76e-2) + (1.22¢-2)
3.151 1le+0 4.396 3e+0 2.592 1e+0 2.611 8e+0 2.590 2e+0 2.617 4e+0 2.466 2e+0 2.463 Te+0
7ot (7.09e-2) — (1.28e-1) - (3.77e-2) - (3.82e-2) - (7.36e-3) - (5.70e-2) - (4.65e-2) = (2.59¢-2)
+/~/= 2/28/2 1/26/5 1/29/2 4/25/3 5/24/3 0/29/3 6/15/11
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Fig. 3 Performance of representative algorithms on IMOP2
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Fig. 4 Performance of representative algorithms on DTLZ4
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Fig.5 Performance of representative algorithms on WFG7
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Fig.7 Box—plots for different within—cluster evaluation ratios
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Fig. 8 IGD performance profile
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