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Figure 1 Framework of the algorithm CCMT
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Figure 2 Distribution of three populations at the late

evolutionary phase on a problem with small feasible regions
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Figure 3 Comparison of HV between CCMT and other

algorithms on three test sets
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Optimized Configuration of Two Layers of Smart Energy Storage Soft Switches for

Distribution Networks Considering Demand Response

CHENG Zixia', TANG Xing', CHAI Xuzheng®, GUO Zichan', YAO Wenbo'

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. State Grid Xuchang Power
Supply Company, Xuchang 461000, China)

Abstract; Aiming at the problems of increasing network losses and voltage overruns faced by power systems contai-
ning a high proportion of new energy, a two-layer planning strategy of soft open point integrated with energy storage
system (E-SOP) for distribution networks considering demand response was proposed. Firstly, the typical scenarios
of wind power output were generated based on Frank-Copula function considering the relevant characteristics of wind
power output. Secondly, a two-layer planning model of E-SOP was established. The upper layer took the objective
of the lowest annual comprehensive operating cost of the distribution network for the siting and capacity setting of E-
SOP, The lower layer took the demand response participation into consideration. The operation optimization was
carried out with the objective of the minimum operating cost of each scenario, and the multi-strategy improved whale
optimization algorithm (MIWOA ) and Second-order Conic Programming ( SOCP) were used to solve the model. Fi-
nally, the IEEE33-node systems were used for example analysis, and the simulation results showed that the annual
integrated costs of the systems were reduced by 7.94% , respectively, which verified that the proposed scheme
could effectively improve the stability and economy of distribution network operation.

Keywords: Soft Open Point integrated with energy storage system; Frank-Copula function; two-layer planning;

whale optimization algorithms; second-order cone planning
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A Constrained Multi-objective Evolutionary Algorithm Based on Competition and

Cooperation Multi-tasking

ZHANG Meng', LIANG Jing®, QIAO Kangjia®, YUE Caitong’, WANG Xilu’

(1. School of Energy and Intelligent Engineering, Henan College of Animal Husbandry and Economics, Zhengzhou 450046, China;
2. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China;3. School of Computer Science

and Electronic Engineering, University of Surrey, Surrey GU2 7XH, U. K.)

Abstract. Constrained multi-objective evolutionary algorithm based on multi-tasking competition and cooperation
has problems in resource allocation and collaborative optimization, resulting in low effectiveness populations wasting
computational resources, and underutilized high-quality solution information. Therefore, in this study, a constrain-
ed multi-objective evolutionary algorithm based on competitive and cooperation multitasking was proposed, which
included two main strategies. Firstly, a competition-based resource allocation strategy was proposed to achieve a-
daptive allocation of computing resources based on the historical performance of each task population. Secondly, a
collaborative optimization strategy based on parent aggregation and offspring diffusion was designed to generate high-
quality offspring through cross-task cooperation and spread them to various task populations, achieving efficient uti-
lization of effective information. The proposed algorithm was compared with five other advanced algorithms
(CMOEA_MS, ¢cDPEA, EMCMO, MTCMO, and CMOEMT) on 38 test functions, and the results showed that the
proposed algorithm achieved optimal results on 25 and 26 functions with IGD and HV indicators, respectively, and
was superior to the compared algorithms on at least 23 and 24 functions, respectively. The proposed algorithm had a
feasibility rate of 100% on all functions and can effectively solve constrained multi-objective optimization problems.

Keywords: constrained multi-objective optimization; evolutionary algorithm; multi-tasking; resource allocation;

collaborative optimization
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