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F6 Six-hump Camel 2 x,e[-1.9,1.9] ,x,e[-1.1,1.1] 2 2 -1.031 6
F7 Waves 2 x,e[-0.9,1.2] ,x,e[-1.2,1.2] 1 9 ~7.776
F8 Five-Uneven-Peak Trap 1 xe[0,30] 2 3 200
F9 Equal Maxima 1 xe[0,1] 5 0 1
F10 Uneven Decreasing Maxima 1 xe[0,1] 1 4 1




54 THTIT 5 B ot 2RO A I 0% £Q B B L R R 95
&5 77 SAEAs &Rttt
Table 5 Result comparison of seven SAEAs
PRBN S Y%L f6Ar IMPSO-HES ~ MaMPSO DSCPSO-EMM  DSADE  SAKT-MMEA  MSAEA D/REM
o 0 GS ¥{a 17.99 3.582 10. 68 8.76 6.12 4.751 5.451
GS % 1.10E+00  1.20E+00 1. 3E+00 1.10E+00  1.30E+00  9.65E-02 4.1E-01
" 0 GS ¥IE 58.266 47.63 56. 601 52.121 47.31 48.01 53.46
GS 7%  1.30E+02  3.20E+02  8.20E+01  2.60E+02 3.5 E+02 1. 59E+01 2. 8E+02
. 0 GS ¥ 17.31 13. 01 1.036 14.59 8.732 11.32 1.57
GSTZ  1.10E+02  3.30E-06 1.10E-02  2.10E-01 1.3 E-01 7.00E-01 6. 8E+00
4 0 GS ¥l 12.3 9. 64 1.23 4.13 5.12 7. 44 1.41
GSTHZ  8.04 E+02 5.72 E+00  4.21E+01  4.13E+01 5.26+02 7.26E+01 2. 1E+00
GSHE  -0.2679 -0.267 9 -0.248 9 -0.256 7 -0.2377 -0.258 1 -0.180 5
F5 2 GSH%  1.6E-06 3.00E-15 1.10E-03  1.30E-04 1.5 E-02 1.37E-02  1.43E-02
VR ¥){E 1 1 1 1 1 0.96 0.983
GSHfE  -1.0316 -1.013 7 -1.027 6 -0.963 -1.072 -1.029 -1.001
F6 2 GSHZE  9.8E-07 9.80E-10  8.10E-06  9.10E-08  6.20E-05  4.20E-03  6.50E-08
VR 1 1 1 0.78 1 0.93 0.94 0.763
GS ¥  -7.4299 -7. 665 -7.776 -7.393 -7.776 -7.572 -6.21
F1 2 GSHZE  1.7E-02 5.40E-02  8.70E-31  7.60E-14  8.10E-12  6.10E-09  8.30E-05
VR 1 0.4 0.56 0. 66 0.47 0.59 0.49 0.49
GS Y14 203. 4 211.02 242.33 242.27 378.9 212.31 216.71
F8 1 GSH#E  4.7E-03 5. 1E-01 9. 31E+00 5.7E-01 6.31E-06  6.37E-01  6.19E+00
VR ¥{i 1 1 0.96 0. 84 1 1 1
GS H{E 1 1 1.31 1 1.4 1 1
F9 1 GSHZ  6.2E+01 1.9E-03 2.7E-03 5.3E-03 1. 72E-03 0.8E-03 2. 1E-05
VR ¥{i 1 1 1 0. 96 1 0.85 1
GS ¥l 1.7 2.23 1.72 1.32 1. 44 1.24 3.54
F10 1 GSH2 8.72E-05 5.63E-01 1.56E-17 4.8E-01 7.2E-01 7.33E-01 1. 7E-01
VR ¥{4 0.62 0.92 1 0.87 0. 83 1 0.91
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A Review of Surrogate-assisted Evolutionary Algorithms for Expensive Multimodal

Optimization Problems

JI Xinfang" *, JIA Jingwei" >, WANG Xiaofeng" *>, CHENG Jinxin®, YAO Jiaxing' *

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
and Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China; 3. School of

Mechanical Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Expensive multimodal optimization problems (EMMOPs) arise in engineering design frequently and are
often characterized as multimodal properties and with extremely high evaluation costs. The progress and key tech-
niques of surrogate-assisted evolutionary algorithms ( SAEAs) for such problems were systematically reviewed in the
study. Firstly, typical surrogate models, including polynomial regression model and Gaussian process, were intro-
duced, with emphasis on their characteristics and applicability in sample fitting, nonlinear representation, and un-
certainty quantification. Then, the general framework of SAEAs was summarized, and the main design ideas of ex-
isting algorithms were outlined in terms of single-surrogate and multi-surrogate structures, global-local collaborative
search, and infill sampling strategies. Subsequently, according to the different characteristics of EMMOPs, typical
EMMOPs, including single-objective, multi-objective, constrained, and high-dimensional problems, were system-
atically categorized and reviewed, with particular attention to advances in mode identification, solution diversity
preservation, and computational budget allocation. Furthermore, experimental comparisons of multiple mainstream
SAEAs were conducted on ten benchmark test problems, and the performance differences among various algorithms
were analyzed in terms of metrics such as global optimum solution and effective valley ratio. Meanwhile, engineer-
ing case studies, including ship structure optimization and synchronous machine design in ultra-high-voltage direct
current transmission systems, were incorporated to illustrate the application potential of surrogate-assisted evolution-
ary algorithms in complex engineering optimization. Finally, the key challenges faced by current research were
summarized, and future development directions were discussed from the perspectives of adaptive surrogate model
management , parallel execution and scheduling, as well as inter-modal information sharing and transfer mechanisms
Keywords: expensive optimization problems; multimodal optimization problems; evolutionary algorithms; surrogate

model





