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INTRODUCTION
Power grid planning is to formulate a strong, efficient, economical, and sustainable power grid by scientifically implementing the investment portfolio optimization of infrastructure projects to ensure the stable and safe operation of smart grid and realize the rational and optimal allocation of energy resources (Liu et al., 2017; Li et al., 2018). Power grid infrastructure projects exhibit the characteristics of large investment, long construction period, and a huge number of projects, and the construction status is closely related to the national economy and people’s livelihood (Wu et al., 2019). Therefore, it is crucial to choose a reasonable and optimum investment portfolio for smart grid planning.
The investment portfolio optimization of power grid infrastructure projects is a non-convex, multi-period coupling, strong constraint, and multi-objective portfolio optimization problem. When making a decision, it is necessary to comprehensively consider the relevant decision index standards, related constraints, and the expected target requirements (Wu et al., 2019). It is a complex systemic decision-making work that requires the use of system science, decision science, optimization modeling, and other related content to be better completed (Zhao et al., 2021). The core is to establish a scientific and objective investment portfolio optimization model rather than purely administrative decision-making (Liu et al., 2017; Zhang et al., 2021). Consequently, it is vital to comprehensively consider factors such as synthetical benefits, construction time sequence, policy, and market risks to develop an intelligent and refined planning framework for the investment portfolio optimization of power grid infrastructure projects and form a more scientific and effective means of auxiliary decision-making for power grid development.
INVESTMENT PORTFOLIO OPTIMIZATION FOR POWER GRID PLANNING
The investment portfolio optimization of power grid infrastructure projects requires research and analysis of the company’s strategic goals of power grid development, operation, maintenance, marketing, dispatch, and other multi-service data and forms, as well as the data characteristics of the internal and external policies and economic, social, environmental, and other multiple regulatory information. Furthermore, it needs to coordinate the multiple dimensions of high-quality development of power grid efficiency, eco-friendly growth, service quality, and operating performance (Liu et al., 2017; Li et al., 2018; Wu et al., 2019). Moreover, it is necessary to fully consider the factors of the current situation and future progress of the power grid in different provinces. It is also complicated and demanding work with a large amount of data, workload, and high technical requirements (Liu et al., 2020).
In power grid investment decision-making, decision-makers often have to face numerous practical data, choices, and risks, and it is difficult to determine the mutual influence of various factors. In addition, the power grid investment decision-making problem generally consists of a series of decision-making options. Each of the decision-making options is related to the other, which requires decision-makers to analyze the overall situation (Zhao et al., 2021). Most of the existing investment portfolio optimization strategies are from the perspective of problem-oriented research, based on the known investment demands and investment capabilities of the enterprise, referring to the previous investment allocation, to allocate the investment scale and investment structure of each unit (Peng and Zhang, 2015; Li et al., 2021). The objective function and constraints are not considered enough comprehensive and systematic, and model boundary conditions and project priority ranking rely mainly on expert experience to make subjective decisions, lacking the recognition and consideration of objective factors (Guelpa et al., 2019; Liu et al., 2020; Ma et al., 2020).
The features of power grid projects are reflected in many aspects such as technology, economy, society, and practicality. The criticality of the features needs to comprehensively consider multiple dimensions and factors such as engineering properties and project necessity, which increases the complexity of defining and extracting key features (Yang et al., 2016; Zhao et al., 2021). Besides, the emerging changes brought about by the advanced development situation will not affect a certain aspect in isolation and will generally form a linkage effect of multiple factors (Liu et al., 2017), which further increases the difficulty of analyzing and extracting new key features, making it more difficult to propose a feature index system. To face the recent emerging problems arising from power grid planning, it is urgent to use machine learning to formulate an investment performance evaluation model covering traditional investment efficiency improvement (Ma et al., 2020). Realizing the intelligent upgrade of traditional investment decision-making technology and making full use of the precise positioning of power grid investment can ensure the healthy and sustainable development of the power grid and contribute a powerful boost to economic development.
[image: Figure 1]FIGURE 1 | Proposed L2R-based investment portfolio optimization framework.
LEARNING-TO-RANK METHODOLOGY
Machine learning as an emerging technology has been widely used in all aspects of life to obtain effective information. There are many important overlaps between the fields of information retrieval and machine learning. Learning-to-rank, as a product of the combination of machine learning and information retrieval technology, is an important application branch of machine learning (Li, 2014). In the field of information retrieval, the search results are ranked and recommended to obtain the most desired results for users. The main way to establish a traditional search ranking model is to rely on manual and continuous experiments to determine the parameters of functions with relevance scoring (Li, 2014; Xu et al., 2019). The learning-to-rank (L2R) algorithms based on machine learning have made great improvements. The final ranking formula in the L2R algorithms is obtained by automatic learning, while people only need to provide relevant training data for the L2R algorithm.
L2R is a process of supervised learning, including training and testing. The machine learning ranking system consists of four steps: dataset acquisition, ranking model training, test set testing, and model application. A typical L2R model consists of two parts: learning system and ranking system. The L2R algorithms obtain the optimal ranking model from the training data through the learning system. In other words, the L2R model minimizes the value of the loss function (Li, 2014; Xu et al., 2019). Then, through the ranking system, the test set is predicted and ranked with the trained optimal ranking model, and the loss function value of the test sample is required to be lower than the set minimum target value (Li, 2014; Xu et al., 2019). In addition, making a correct judgment on the performance of the L2R system is a very important issue. Generally, there is a specified evaluation index to judge the pros and cons of the model. Currently, the main ranking evaluation indexes include mean average precision (MAP), recall (R), mean reciprocal rank (MRR), expected reciprocal rank (ERR), and normalized discounted cumulative gain (NDCG) (Li, 2014; Xu et al., 2019; Xia et al., 2021).
Based on the difference in the input training samples, L2R algorithms can be divided into three categories: pointwise, pairwise, and listwise. The algorithms of pointwise and pairwise take a single document and a pair of documents as the input of the training samples, respectively, converting the rank of retrieval results into regression or classification problems (Li, 2014). However, the listwise algorithms differ from the former two, taking the retrieval results obtained by the user’s query as a whole and serving as a sample for training. Among them, the pairwise L2R algorithms turn the ranking problem into the judgment on the order for the sample pairs. For any two samples with different labels in the sample set, they can be combined into a sample pair [image: image] , which is labeled based on the relative relationship between the two samples. A sample pair has only two relative order relationships; that is, sample [image: image] is ranked before or after sample [image: image]. Therefore, the ranking problem can naturally be transformed into the judgment on the relationship between any two samples, and the judgment on the order of sample pairs becomes a very typical binary classification problem. The commonly used L2R algorithms of pairwise include RankBoost, RankNet, LambdaRank, and LambdaMART (Li, 2014; Xia et al., 2021).
LEARNING-TO-RANK-BASED INVESTMENT DECISION-MAKING FRAMEWORK
Power grid investment decision-making is a complex process that needs to consider the objectives of the economic, social, and security benefits and meet the constraints of capital investment, project construction time sequence, and power demand (Peng and Zhang, 2015; Liu et al., 2020). It is difficult to reproduce this process with a simple end-to-end machine learning method. On the one hand, power grid investment benefit evaluation indexes mainly include economic, social, and safety evaluation (Yang et al., 2016; Guelpa et al., 2019). With the increase in evaluation indexes, the objective space increases exponentially, and there are complex connections among the objectives, resulting in high requirements for the multi-objective optimization ability of machine learning algorithms. On the other hand, the investment portfolio optimization of power grid infrastructure projects has a huge number of samples and abundant features. The traditional manual selection method cannot excavate the correlation of the features in the case of complex information on infrastructure projects.
In order to cope with these challenges, a learning-to-rank-based investment portfolio optimization framework of power grid infrastructure projects is proposed, and it's presented in Figure 1. L2R with autonomous learning can clarify the correlation among complex features from different infrastructure projects. The key steps of this framework are as follows:
1) The collected data are preprocessed to form standardized feature parameters, including project properties, construction date, and construction scale, and then training and test sets are created.
2) According to the pairwise compound mode of project pairs, all samples needed for binary classifier training are formed.
3) A ranking model based on the pairwise L2R is formulated to transform the ranking of projects into a binary classification problem, which mines the ranking relations among partial projects.
4) When making predictions, the final ranking function obtained by model training will give the calculated scores of the project pairs.
5) Partial ordering relations of all project pairs are integrated to learn the ranking laws of the overall candidate itemset for selection.
The investment portfolio optimization objective of the power grid infrastructure project is to minimize the comprehensive benefits (Peng and Zhang, 2015; Liu et al., 2020; Ma et al., 2020). The traditional optimization decision-making method is usually based on the investment performance evaluation index system to score the projects. In contrast, the L2R-based investment portfolio optimization ranking model will replace this index system, optimizing the investment portfolio according to the ranking results under different benefit orientations. Furthermore, a multi-objective model of investment portfolio optimization is formed considering the constraints of investment scale, investment time sequence, power supply capacity, and investment risk. In order to solve this model, multi-objective evolutionary algorithms are commonly used to obtain a scientific investment portfolio of power grid infrastructure projects (Huang et al., 2020; Zhang and Li, 2020), providing a basis for the compilation of the grid’s annual investment planning.
DISCUSSION AND CONCLUSION
L2R aims to mine the potential correlated features in samples and excavate the underlying objective laws from the historical optimal portfolio, which fits well with the ranking and investment portfolio optimization scenario of power grid infrastructure projects. Therefore, research on the L2R-based investment portfolio optimization method of power grid infrastructure projects is necessary, which is of great significance for learning the in-depth regular patterns, timely discovering the existing weak links, and making up for the shortcomings in the development of power grids. The intellectualized closed-loop investment decision-making strategy of power grid infrastructure project can assist the corporate headquarters and various provinces, prefectures, cities, and districts to implement intelligent management of power grid investment and achieve reliable, convenient, and efficient investment portfolio optimization of large-scale and massive power grid infrastructure projects, improving the scientificity, efficiency, and accuracy of the investment management of power grids at all levels.
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