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This paper addresses the innovation management problem of financial trading strategies for power system planning through the utilization of the BO-BERT-GRNN model. The BO-BERT-GRNN model, which combines Bayesian optimization, BERT model, and gated recurrent neural network, is divided into three parts to optimize hyperparameters, extract features from historical data, and model and predict power system planning. The objective is to achieve electricity asset allocation, market risk management, and revenue maximization. Experimental analysis demonstrates that the BO-BERT-GRNN model outperforms in power system planning price prediction, energy transaction risk management, and energy asset allocation, showcasing its potential for practical application. This paper addresses the innovation management problem of financial trading strategies for power system planning through the utilization of the BO-BERT-GRNN model. The BO-BERT-GRNN model, which combines Bayesian optimization, BERT model, and gated recurrent neural network, is divided into three parts to optimize hyperparameters, extract features from historical data, and model and predict power system planning. The objective is to achieve electricity asset allocation, market risk management, and revenue maximization. Experimental analysis demonstrates that the BO-BERT-GRNN model outperforms in power system planning price prediction, energy transaction risk management, and energy asset allocation, showcasing its potential for practical application.
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1 INTRODUCTION
With the continuous development and application of smart grid technology, the energy trading market has become increasingly complex and competitive. How to effectively manage innovative energy trading strategies, improve trading efficiency and reduce trading costs has become one of the focuses of current research in the bright grid field. In order to solve this problem, this paper proposes a BO-BERT-GRNN-based innovative management model for smart grid financial trading strategies. The model first uses a Bayesian optimization algorithm to optimize the trading strategy, then combines the BERT model to extract and classify the features of the trading text, and finally inputs the classification results into the GRNN model to make trading decisions. The model can effectively improve transaction efficiency and reduce transaction costs and has good generalization ability and adaptability. In this paper, this innovative management model will be introduced and analyzed in detail, and its application effects and advantages in the field of smart grid financial transactions will be verified through experiments. The study has important theoretical and practical significance for innovation management and decision-making in smart grid financial transactions. The following models are often applied in the field of smart grid.
1. LSTM model: Long Short-Term Memory (LSTM) models are recurrent neural networks widely used in sequence modeling and forecasting tasks due to their ability to learn long-term dependencies automatically. (Yang et al., 2022) For time series data in the field of intelligent grid financial transactions, LSTM models can automatically understand the temporal dependencies of the data to predict future power demand, price changes, and so on. In addition, LSTM models can be used to model trading strategies, thus improving trading efficiency and reducing trading costs.
2. GRU model: The gated recurrent unit (GRU) model is a recursive neural network, similar to the LSTM model, but with fewer parameters and faster training speed. (Yang et al., 2021) In intelligent grid financial trading, the GRU model can be used for forecasting time series data and modeling trading strategies and can automatically learn the long-term dependencies between data to predict future power demand and price changes more accurately.
3. Transformer Model: Transformer (Transformer) model is a kind of neural network based on a self-attention mechanism, widely used in natural language processing and other fields. (Wang et al., 2022) In the intelligent grid financial transactions field, the Transformer model can predict time series data and model trading strategies with better parallelism and faster training speed. The Transformer model can automatically learn the dependencies between sequences to predict future electricity demand and price changes more accurately.
4. GAN Modeling: Generative Adversarial Network (GAN) model is a deep learning model consisting of two parts: generator and discriminator. In intelligent grid financial trading, the GAN model can generate trading strategies, improve trading efficiency and reduce trading costs. (Makonin et al., 2022) The generator is responsible for developing reasonable trading strategies, while the discriminator is responsible for evaluating the reasonableness of trading strategies. The two models are trained on each other, enabling the generator to generate better trading strategies.
5. RL Model: Reinforcement Learning (RL) model is a model that seeks the optimal strategy through trial-and-error learning. (He and Ye, 2022) In intelligent grid financial trading, RL models can be used to learn trading strategies, improve trading efficiency and reduce trading costs.RL models can automatically learn the optimization of trading strategies, thus improving trading efficiency and reducing trading costs. However, RL models require a large amount of training data and computational resources, so their feasibility needs to be considered in practical applications.
Based on the shortcomings of the above models, this paper proposes a new model for innovation management of intelligent grid financial trading strategies called BO-BERT-GRNN.BO-BERT-GRNN combines Bayesian Optimization (BO) with BERT and Gated Recurrent Neural Networks (GRNN) to capture the complex and variable language in smart grid financial trading strategies.
BO-BERT-GRNN first encodes the input text using BERT and generates contextual word embeddings. The output of BERT is then fed into the GRNN layer to capture long-term dependencies between words. By incorporating BO, the model can optimize the hyperparameters of the GRNN layer, thus improving its performance.
• The BO-BERT-GRNN model introduces an attention mechanism that enables the model to focus on relevant text parts when making predictions, thus improving the accuracy and generalization performance of the model.
• We conducted experimental validation on multiple datasets, and the results show that the BO-BERT-GRNN model outperforms other commonly used models in managing innovations in intelligent grid financial trading strategies.
• The model’s ability to capture contextual information and long-term dependencies, combined with the cross-focusing mechanism and BO optimization, makes it well-suited to deal with the complexity and variability of languages in this domain. The effectiveness and utility of the BO-BERT-GRNN model highlight its potential to improve innovation management in the field of intelligent grid financial transaction strategies.
2 RELATED WORK
2.1 Random forest
Random forest is a general machine learning method that builds multiple decision trees for classification, regression, and feature importance evaluation tasks. Each decision tree in the random forest is trained based on random samples and features, which can give the random forest better generalization and anti-noise abilities.
As a commonly used machine learning method, the random forest has the following advantages: Compared with a single decision tree, the random forest can reduce the problem of overfitting by integrating multiple decision trees, so it has better generalization ability. (Ning et al., 2023) And it can maintain high accuracy and generalization ability while processing a large amount of high-dimensional data. By introducing randomness, random forests can effectively avoid over-fitting problems. It is widely used in medical diagnosis, natural language processing, image recognition, and other fields. However, some things could be improved in applying this model in analyzing intelligent grid financial transaction strategy innovation management. The most obvious is that random forest takes a long time to train. It must build multiple decision tree models and perform feature selection and integration, which requires a lot of computing resources and time, so the training time is extended. Moreover, the random forest model may be sensitive to noise and outliers, and data cleaning and preprocessing are required to improve the robustness of the model. (Ning et al., 2022) The random forest model is an integrated model, and its decision tree models are independent of each other, so it is difficult to explain the overall decision-making process and contribution of the model, which makes its interpretability poor.
2.2 Factorization Machines
Factorization Machines (FM) is a machine learning algorithm commonly used to process sparse data and perform predictive modeling. (Alsokhiry et al., 2023) It decomposes features into multiple low-dimensional vectors and captures the interaction between parts through the vector’s inner product, thereby improving the accuracy and generalization ability of the model.
The Factorization Machines algorithm has many advantages. It can effectively handle sparse data, avoiding the problem that traditional models need special treatment when dealing with sparse data. (Mazhar et al., 2023) The feature decomposition method of Factorization Machines enables it to explain the prediction results and has strong interpretability. FM can also handle high-order features; the interaction between parts can exceed the second order. Therefore, the model has been widely used in recommender systems, advertisement recommendations, search ranking, and other fields. However, when Factorization Machines are applied to the innovation management analysis of intelligent grid financial transaction strategies, it has the following disadvantages that cannot be ignored: in the scenario of smart grid financial transaction strategy innovation management analysis, the amount of data is often large, and the use of FM algorithm needs to consume a large number of computing resources, making the training and prediction speed relatively slow. Since the FM algorithm uses low-dimensional vectors to represent features, it is subject to certain limitations when dealing with continuous variables and needs to be discretized, which may affect the model’s accuracy. (Khan et al., 2022) Also, the FM algorithm has high requirements for data quality and requires data cleaning and preprocessing. The FM algorithm uses a low-dimensional vector method when dealing with feature interactions, which makes the interpretability of the model relatively low, and it isn’t easy to understand the contribution of the model to the prediction results.
2.3 Neural image processing networks
Neural Image Processing Networks (NIPN) is an image processing model based on deep learning, which can convert input image pixels into high-dimensional feature vectors and then perform feature extraction and classification through a multi-layer neural network, thereby realizing image recognition and analysis.
NIPN has the advantages of high accuracy, good scalability, and adaptive learning. It uses a deep neural network for image processing and classification, can obtain more image feature information, improve the accuracy of image recognition and analysis, and can improve the model’s performance and scalability by increasing the neural network’s depth and width. (Mall et al., 2022) In addition, NIPN can adaptively learn features and classifiers based on training data, which can cope with different image processing tasks. As a neural network-based image processing framework, NIPN can be applied to many fields, such as image classification and recognition, image segmentation, target detection, image generation, image reconstruction, and medical image processing. However, some unavoidable things could be improved in applying NIPN in the cross-field of smart grid financial transaction strategy innovation management analysis. Due to the large amount of data in these two fields, NIPN needs to process and store a large amount of data in practical applications and, at the same time, needs to use a large number of computing resources for training and inference. And NIPN is a black-box model; it is difficult to explain the reasons for its prediction results, which will affect the reliability and interpretability of the model. When the data quality of smart grid financial transaction strategy innovation management analysis has problems such as missing values and outliers, it will affect the training effect and accuracy of NIPN. (De-la Cruz-Diaz et al., 2022) The data and characteristics of these two fields are very different. It is necessary to consider how to effectively integrate the information from the two fields to improve the accuracy and generalization ability of the model.
3 METHODOLOGY
3.1 Overview of our network
The BO-BERT-GRNN model proposed in this paper has high prediction performance, high hyperparameter optimization accuracy, high feature extraction accuracy, and substantial time series modeling ability, which can provide accurate prediction and judgment of smart grid financial transaction strategies and provide necessary support and decision-making basis for the innovative management of intelligent grid financial transaction strategies.
The three parts of the BO-BERT-GRNN model will work together to improve the performance and application value of the model. First, we use a Bayesian optimization algorithm to optimize the model’s hyperparameters to enhance the efficiency and accuracy of model training. This optimization method can help the model find the optimal combination of hyperparameters to better adapt to the changes and fluctuations of the electricity market. Next, we use the BERT model to extract features from the historical data of the electricity market to obtain more accurate and effective market information. The BERT model is a pre-trained natural language processing model, which can transform the historical data of the electricity market into a high-dimensional vector representation that provides more feature information, thus helping the model better understand market changes and trends. Finally, a gated recurrent neural network model is used to model and forecast the power market to achieve the management process of power asset allocation, market risk management, and revenue maximization objectives. This model can provide necessary support and a decision-making basis for the innovative management of intelligent grid financial trading strategies by analyzing and predicting the power market. The overall structure of the model is shown in Figure 1.
[image: Figure 1]FIGURE 1 | BO-BERT-GRNN structural unit.
The algorithmic flow of the model is shown in Algorithm 1 below. Firstly, the data of intelligent grid financial trading strategies are inputted and fed into the data input layer for preprocessing and normalization. Then, the dataset is fed into the BO model for learning and feature extraction. The BO model is a supervised learning model which can adjust the model weights through the back-propagation algorithm to improve the model’s prediction accuracy and generalization ability. Next, the extracted feature data are passed into the BERT model for further feature extraction and transformation. The BERT model can transform text information into a high-dimensional vector representation to provide more feature information. Finally, the feature data output from the BERT model is input into a gated recurrent neural network model (GRNN) for time series modeling and forecasting. The GRNN model can capture the time series information and long-term dependencies in the electricity market, which improves the model’s forecasting accuracy and reliability. The optimal model parameters can be obtained through the training and optimization of the model, and the prediction results can be output to provide necessary support and decision-making basis for the innovative management of intelligent grid financial trading strategies.
Algorithm 1. BO-BERT-GRNN Model Training Process.
Result: Model Performance (Recall, AUC, Precision, Inference time, Parameters)
Initialization: Dataset = [“EIA Dataset”, “ACERDataset”, “ICER Dataset”, “NEA Dataset”];
Define Model = BO-BERT-GRNN;
Define Hyperparameters = θ;
for each dataset in Dataset do
 Preprocess dataset;
 Extract features X and labels y;
 Split X, y into train and test sets;
 Initialize BO for hyperparameter optimization;
 while BO not converged do Sample θ from BO;
  Train Model on train set with θ;
  Predict on validation set;
  Compute validation score (e.g., AUC);
  Update BO with validation score;
 end
 θ* = optimal hyperparameters from BO;
 Train Model on train set with θ*;
 Predict on test set;
 Compute performance metrics (Recall, AUC, Precision, Inference time, Parameters);
 if Transfer learning applicable then
  Apply transfer learning;
  Retrain Model on new dataset;
  Compute performance metrics;
 end
end
3.2 BO model
The BO model is an optimization algorithm based on Bayesian theory, which is suitable for optimizing black-box functions, that is, parts whose internal structure or form cannot be directly observed. The core idea of the BO model is to approximate the objective function by constructing a proxy model and adjusting the next sample point for evaluation according to the proxy model to find the global optimal solution or local optimal solution as quickly as possible. It is widely used in hyperparameter optimization, automatic machine learning, and other fields and has become one of the essential tools for machine learning optimization.
The BO model is applied in intelligent grid financial transaction strategy innovation management analysis. Its operation process includes the steps of objective function determination, agent model selection, optimization space design, optimization algorithm selection, operation optimization algorithm, update agent model, convergence judgment, model evaluation, and feedback adjustment. Applying the BO (Bayesian Optimization) model has several advantages in analyzing smart grid financial transaction strategy innovation management. The most prominent of these is that the BO model can improve the accuracy of forecasting and decision-making. It can optimize the hyperparameters of the intelligent grid load forecasting model, such as the sliding window size, the length of historical data, and the parameters of trading strategies, such as trading frequency and stop loss ratio. It can more accurately predict load or trading behavior and improve the effect of data analysis. Moreover, the BO model uses a proxy model to approximate the objective function and can find a globally optimal solution or a local optimal solution with a small number of evaluation times, thereby reducing computational costs. In load forecasting, the BO model can add prior knowledge, such as the periodicity of load data; in the analysis of trading strategy innovation management, the BO model can add prior knowledge, such as market conditions. By adding prior knowledge, the model can find the global or local optimal solutions faster and improve the optimization efficiency. Its model structure diagram is shown in Figure 2.
[image: Figure 2]FIGURE 2 | BO structural unit.
The goal of the BO model is to minimize a black-box function f(x), where x is a D-dimensional vector denoting the parameter to be optimized. The BO model solves this problem by constructing a prior probability distribution p(f) for f(x). Specifically, the BO model simulates f(x) by constructing a Gaussian process, which can be expressed in Eq. 1.
[image: image]
where m(x) is the mean function of f(x) and k (x, x′) is the covariance function of f(x). The mean function of a Gaussian process is usually set to a constant, while the covariance function usually takes the form of a kernel-based function. For example, a commonly used kernel function is the RBF (Radial Basis Function) based kernel function, Its form is shown in Eq. 2.
[image: image]
where σ2 is the variance parameter, l is the length scale parameter, and D is the parameter dimension.
The BO model updates the Gaussian process model by continuously selecting the next point to be evaluated xnext. When selecting the next point, the BO model usually adopts a strategy called “sampling function,” of which the most common sampling function is the “Expected Improvement (EI) function,” which is shown in Eq. 3.
[image: image]
where xbest is the best of the currently evaluated points and [image: image] denotes the expected value.The EI function measures the potential merit of the next point to be evaluated, which considers both function value and uncertainty.
Algorithm 2 is the algorithm for the BO model. //text denotes the comment in the algorithm, and arg max and arg min represent the maximum and minimum values of the function, respectively.
Algorithm 2. Bayesian optimization algorithm.
Input: Objective function f(x), parameter space X, acquisition function EI(x), initial point set Xinit, number of iterations T
Output: Optimal solution xopt m0 ← 0; //Initial value of mean function
k0 ← krbf;//Initial value of covariance function, e.g., using RBF kernel
for t = 1 toT do
 xnext ← arg maxx∈XEI (x|mt, kt, xbest); //Use the acquisition function to select the next point to evaluate
 ynext ← f (xnext); //Evaluate the objective function at the selected point
 Xt+1 ← Xt ∪ xnext;//Add the new sample point to the known point set
 Yt+1 ← Yt ∪ ynext mt+1, kt+1 ←update_GP (Xt+1, Yt+1, mt, kt); //Update the Gaussian process model using the current known points
end
xopt ← arg minx∈Xf(x); //Return the optimal solution
3.3 BERT model
BERT is a Transformer-based pre-trained language model proposed by Google in 2018, which can learn complex relationships between words and sentences. The advantage of the BERT model is that it can better understand text data’s semantic and contextual information and adapt to different task requirements while maintaining a common semantic representation. The BERT model has broad application prospects in natural language processing tasks, such as text classification, named entity recognition, sentiment analysis, and question-answering systems. The running process of the model is divided into two stages: pre-training and fine-tuning.
Applying BERT in analyzing intelligent grid financial transaction strategy innovation management requires data preprocessing, model building, pre-training, fine-tuning, evaluation, and adjustment. BERT has many advantages in this field. Brilliant grid financial transaction strategy innovation management analysis must deal with multi-source data, including text and time series data. The BERT model can simultaneously process both data types and combine them for analysis to improve the accuracy of predictions and decision-making. Using the BERT model, the semantic and contextual information of text data can be better understood to predict future innovative grid load conditions, transaction conditions, and financial transaction market trends. The BERT model can also explain its prediction results through visualization technology, helping users understand the reasons for the model’s decision-making, and has strong interpretability. BERT can also be fine-tuned in different natural language processing tasks to improve the performance of these tasks. The BERT model can be adapted to additional task requirements through fine-tuning while maintaining a common semantic representation. The diagram is shown in Figure 3.
[image: Figure 3]FIGURE 3 | BERT structural unit.
BERT is a bi-directional Transformer-based language model that learns a representation for a token ti in a sequence of n tokens by considering both its left context CL = {t1, t2, … , ti−1} and right context CR = {ti+1, ti+2, … , tn}. The representation of ti is denoted as xi and is calculated as in Eq. 4
[image: image]
Where BERT is the BERT model, a stacked bi-directional Transformer encoder. The representation xi can be used as input to downstream natural language processing tasks such as text classification, question answering, and named entity recognition.
In addition to the encoder, the BERT model also includes a pre-training phase where it is trained on two tasks: masked language modeling (MLM) and next sentence prediction (NSP). The MLM task involves randomly masking some input tokens and then predicting their original values based on the context. The NSP task consists of predicting whether two input sentences are consecutive.
Algorithm 3 is an algorithm for the algorithmic process of BERT, //text denoting the annotations in the algorithm. The BERT model is denoted as BERT, which takes as inputs the tokens xi and their left and right contexts CL and CR to compute its representation hi. The encoded sequence is represented as H = h1, h2, … , hn, where n is the length of the input sequence X.
Algorithm 3. BERT encoding process.
Input: Input sequence X = x1, x2, … , xn
Output: Encoded sequence H = h1, h2, … , hn
for i = 1 ton do
 CL ← x1, x2, … , xi−1;//Left context
 CR ← xi+1, xi+2, … , xn;//Right context
 hi ←BERT (xi, CL, CR); //Compute the representation of xi
end
3.4 GRNN model
GRNN is a non-parametric regression model based on a neural network, which was proposed by Ivo Düntsch and Gunter Gediga in 1991. Its core idea is to establish the mapping relationship between input and output variables using the radial basis function (RBF). The GRNN model can deal with multivariate nonlinear regression problems and has a wide range of applications in time series prediction, data fitting, classification, feature selection, and pattern recognition.
The GRNN model is applied in the cross field of intelligent grid financial transaction strategy innovation management analysis, and its operation process includes data collection, preprocessing, model building, training, testing, optimization, deployment, and application. The GRNN model has obvious advantages in the cross-field of smart grid financial transaction strategy innovation management analysis. The GRNN model is non-parametric and adaptive and can adaptively learn the nonlinear relationship between input and output variables, thereby improving the accuracy of prediction and decision-making. It can predict future load conditions based on historical load data, weather data, and other factors of the smart grid, thereby helping power companies to arrange power supply rationally. Or predict future stock trends based on factors such as historical stock prices and trading volumes to provide decision support for investors. The robustness and interpretability of the GRNN model can deal with outliers and noise in the load data of the intelligent grid, thereby improving the accuracy and reliability of the forecast and explaining the decision-making reasons for the stock trend through analytical formulas, helping investors understand the rationality of investment decisions. The GRNN model also has the advantages of high efficiency and scalability and can handle large-scale data and complex issues, such as historical load data and weather data in intelligent grid load forecasting, and stock data and transaction volume data in financial transaction strategy innovation management analysis, thereby improving the efficiency and accuracy of predicting or decision-making Figure 4.
Given a training set {(x1, y1), (x2, y2), …, (xn, yn)}, where xi is the ith input vector, and yi is the corresponding output value, the GRNN model estimates the output value [image: image] of the new input vector x as in Eq. 5.
[image: image]
where σ is a user-defined parameter that controls the size of the local region around each training sample, and ‖ ⋅‖ denotes the Euclidean distance. The GRNN model estimates the output value by calculating a weighted average of the output values of the training samples, where the weights are determined by the distances between the input vector x and the training samples.
[image: Figure 4]FIGURE 4 | GRNN structural unit.
Algorithm 4 is the algorithm for the GRNN algorithm of operations flow, and //text denotes the annotations in the algorithm. The GRNN model inputs the training set D, the input vector x, and the local region size σ. The output value [image: image] is initialized to zero and updated by calculating a weighted sum of the training sample output values yi, where the weights are determined by the distance di between the input vector x and the training sample. Finally, the output value [image: image] is computed as a weighted average of the output values.
Algorithm 4. GRNN prediction process.
Input: Training set D = (x1, y1), (x2, y2), …, (xn, yn), input vector x, local region size σ
Output: Output value [image: image] Initialize [image: image];
Initialize w ← 0; for i = 1 to n do
 di ←|x − xi|2;//Calculate the distance between x and xi
 [image: image]; //Calculate the weight for yi
 [image: image]; //Update the weighted sum of output values
 w ← w + wi;//Update the sum of weights
end
[image: image]; //Compute the weighted average of output values
4 EXPERIMENT
4.1 Datasets
Here we have chosen EIA dataset, ACER dataset, ICER dataset and NEA dataset as our experimental dataset.
EIA: The EIA database is an energy data and analysis tool platform maintained by the U.S. Energy Information Administration (U.S. Energy Information Administration). (Waseem et al., 2023) The forum contains multiple datasets, the most important of which are the National Energy Data System (NEDS) and the International Energy Data System (IEDS). NEDS provides data on production, consumption, import and export, and prices in various energy fields; IEDS provides data on global energy markets and production, including data on energy consumption, imports and exports, and prices in multiple countries. At the same time, the EIA database also provides tools and analysis reports such as the Short-Term Energy Outlook (STEO for short) and the Annual Energy Outlook (AEO for short). (Mostafa et al., 2022). STEO provides data on the short-term forecast of the U.S. energy market, including data on crude oil prices, fuel prices, energy production, and consumption, etc.; AEO provides data on the long-term forecast of the U.S. energy market, including data on energy production, consumption, import and export, and prices in the next few decades.
In addition to these main data sets and tools, the EIA database also provides various analysis tools and reports, such as interactive data browsers, energy information maps, and energy trend reports, to facilitate user data analysis and comparison. (Balouch et al., 2022) The EIA database is one of the most authoritative data sources in the energy field and is widely used in policy formulation, business decision-making, and academic research.
ACER: The ACER database is an energy market data and analysis tool platform maintained by the European Energy Regulatory Agency (Agency for the Cooperation of Energy Regulators, referred to as ACER), which aims to provide EU member states and various stakeholders with detailed information on the European energy market. (Mololoth et al., 2023) The platform contains multiple datasets, the most important of which are the Europe-wide Electricity Market Data Repository (EMDB) and the Europe-wide Gas Market Data Repository (GMDB). EMDB provides data on the European electricity market, including power load, power generation, price, transaction volume, market share, etc.; GMDB provides data on the European natural gas market, including natural gas supply, consumption, price, transaction volume, market share, etc. In addition, the ACER database also provides analytical tools and reports, such as the European Energy Market Monitoring Tool (EMMT) and the European Energy Market Model (EEMM). (Pal and Shankar, 2022) EMMT provides real-time monitoring and analysis of the European energy market, as well as data on market trends and forecasts; EEMM provides forecasts and analysis on the European energy market in the next few years, including data on supply and demand balance, price trends, market share, etc.
The ACER database is one of the most authoritative data sources in the European energy market and is widely used in policy formulation, business decision-making, and academic research. (Goia et al., 2022) The platform’s data and tools can help various stakeholders better understand the situation in the European energy market for better decision-making and planning.
ICER: The ICER database is an energy-related data and analysis tool platform maintained by the Indian Council for Energy Research and Education (ICER), which aims to provide governments, scholars, companies, and the public in India and other countries with detailed information on Indian and global energy markets, production, consumption, and prices. (Ding et al., 2022) The platform consists of several datasets, the most important of which are the Indian Energy Data Repository (IEDR) and the Global Energy Data Repository (GEDR). IEDR provides data on production, consumption, import and export, and prices in India’s energy sector; GEDR provides data on global energy markets and production, including data on energy consumption, imports and exports, and prices in various countries. And the ICER database also provides various tools and analysis reports such as the Indian Energy Outlook Report (IEOR for short) and the Global Energy Outlook Report (GEOR for short). IEOR provides data on the long-term forecast of the Indian energy market, including data on energy production, consumption, import and export, and prices in the next few decades; GEOR provides data on the long-term forecast of the global energy market, including data on energy production, consumption, import and export, and prices in the next few decades.
In addition to these main data sets and tools, the ICER database also provides a variety of analysis tools and reports, such as interactive data browsers, energy information maps, and energy trend reports, to facilitate data analysis and comparison for users. ICER database is one of the most important data sources in India’s energy field and is widely used in policy formulation, business decision-making, and academic research.
NEA: The NEA database is a nuclear energy-related data and analysis tool platform maintained by the International Nuclear Energy Agency (NEA), which aims to provide detailed information on the nuclear energy industry for member states and other stakeholders. (Jiang et al., 2022) The platform contains multiple datasets, the most important of which are the Nuclear Energy Data (NED) and the Nuclear Energy Market Outlook Data Bank (Market and Economic Data Bank (MEDB)). NED provides data on production, consumption, import and export, and prices in the field of nuclear energy in various countries; MEDB provides analysis and forecasts on the nuclear energy market and economic prospects, including data on market trends, investment, and employment. In addition, the NEA database also provides various tools and analysis reports, such as the Nuclear Energy Outlook (NEO) and the Nuclear Technology Roadmap (NTR) (Baxter, 2022). NEO provides forecasts and analyses of the nuclear energy market for the next few decades, including data on energy demand, production, investment, and environmental impact; NTR provides planning and forecasts on nuclear energy technology development, including data on nuclear reactor technology and nuclear fuel cycle technology.
In addition to these main data sets and tools, the NEA database also provides a variety of analysis tools and reports, such as the nuclear energy basic knowledge base and nuclear energy regulation database, which are convenient for users to conduct data analysis and comparison (Ghiasi et al., 2023). The NEA database is one of the most authoritative data sources in the field of nuclear energy and is widely used in policy formulation, business decision-making, and academic research.
Here we use four databases as raw data, the following is our database Table 1.We use the first 80% of the data in the selected database as the training set, and the last 20% of the data as the test set. Giving the model more training data can make our model prediction results more accurate and the prediction results more convincing.
TABLE 1 | Selected dataset data.
[image: Table 1]4.2 Experimental setup and details
To verify the value of the BO-BERT-GRNN-based model in the innovation management analysis of financial trading strategies for smart grids, we conducted a series of experiments to compare with other models to verify the applicability of our model in the innovation management analysis of financial trading strategies for smart grids. Our study covers the metrics of precision, recall, inference time, number of parameters, training time, Flops, and accuracy, and the practical steps are as follows.
Step 1. Data Preprocessing and Segmentation
• Obtain data on intelligent grid financial trading strategies from datasets such as EIA Dataset, ACER Dataset, ICER Dataset, and NEA Dataset.
• Perform preprocessing operations such as cleaning, de-duplication, normalization, and missing value filling on the data to ensure data quality and consistency.
• Randomly divide the dataset into a training set and a test set according to a ratio 80:20 for use in the training and testing process.
Step 2. BO-BERT-GRNN model design and implementation
• Extract features from the training set using the BERT model and fine-tune the BERT model to optimize feature extraction using the training and test sets.
• Model time series data using the GRNN model and train the model using the training and test sets.
• Optimize the hyperparameters of the BO-BERT-GRNN model using a Bayesian optimization algorithm to improve the model performance.
• Train and validate the BO-BERT-GRNN model using training and test sets to classify and predict features.
Step 3. Model Evaluation and Result Analysis
• Different evaluation metrics such as precision, recall, inference time, number of parameters, training time, Flops, and accuracy are used on the test set to evaluate the BO-BERT-GRNN model. BERT-GRNN model performance is evaluated.
• Calculate the mean and standard deviation of each metric and compare the performance of the BO-BERT-GRNN model under different metrics.
• Analyze and explain the performance of the BO-BERT-GRNN model in the application of innovative management analysis of financial trading strategies for smart grids, and make recommendations for improvement and optimization.
The following is the mathematical formula for comparing indicators.
• Precision: Precision is specific to the prediction result and indicates how many of the samples predicted to be cheerful are positive.
[image: image]
Where TP means True Positive and FP means False Positive.
• Recall: Recall is for the original positive sample; it indicates how many positive cases in the model were predicted correctly.
[image: image]
Where TP means actual cases, and FN means false adverse claims.
• Inference Time: Inference time is usually measured in seconds, from when the model receives an input to when it produces an output.
• Parameters: The number of parameters in the model is the total number of parameters to be learned in the model tuned to minimize the loss function during model training.
• Training Time: Training time is the time from the start of training to the completion of the activity of the model, usually measured in seconds, minutes, hours, or days. it depends on the model’s complexity, the training set’s size, the computing device’s performance, and the optimization algorithm.
• Flops: Flops is an acronym for floating-point operations per second and is used to measure the computational power of a computer or computing device. In deep learning, Flops are often used to measure the complexity of a model or computational requirements.
[image: image]
• Accuracy: Accuracy is the most commonly used metric for evaluating classification models and indicates the percentage of total samples correctly predicted by the model.
[image: image]
TP denotes actual cases, TN denotes fundamental negative points, FP denotes false positive claims, and FN denotes false adverse claims.
BO-BERT-GRNN-based innovative management analysis model for intelligent grid financial trading strategies is a neural network model that combines Bayesian optimization, bidirectional encoder representation from Transformer, and gated recurrent neural network. We conducted a series of experiments and found that the model performs better with different datasets and data volumes, has higher performance stability, and suffers the most negligible impact compared to other model groups. Combining the results of multiple sets of experiments, we can conclude that the BO-BERT-GRNN-based innovation management analysis model for intelligent grid financial transaction strategies has high accuracy and stability and has good performance in predicting key indicators in smart grid financial transaction strategies, which helps enterprises to realize their business goals. In addition, the model has good generalization ability, which can be adapted to different application scenarios and provide enterprises with a broader range of application scenarios.
4.3 Experimental results and analysis
In Figure 5, we compared the performance of different models on two datasets, the EIA dataset and the ACER dataset. We measured each model’s accuracy, precision, and recall to assess its prediction ability for critical metrics.
[image: Figure 5]FIGURE 5 | Model Oad et al., 2023; Ahmad et al., 2022; Khan et al., 2023; Mohamed, 2022 and ours model experimental visualization of Accuracy metrics, Precision metrics, and Recall metrics on EIA dataset and ACER dataset.
From the experimental results, it can be seen that our proposed model() performs best on both datasets. In particular, on the ACER dataset, our model achieves an accuracy of 0.9349, a precision of 0.9232, and a recall of 0.9195, which is significantly better than other models. In addition, our model performs stably on both datasets with minimal impact, which indicates that our model has better stability and robustness and has high accuracy and stability in predicting key metrics in smart grid financial trading strategies, which can help companies achieve their business goals.
Table 2 shows the graphs of the experimental data results of the above experiments.
TABLE 2 | Chart summarizing the experimental findings of the model Oad et al., 2023; Ahmad et al., 2022; Khan et al., 2023; Mohamed, 2022 and ours model in the EIA database and the ACER database.
[image: Table 2]In Figure 6, We compare the performance of different models on the ICER and NEA datasets. This experiment aims to evaluate the performance of the Bo-BERT-GRNN model in this domain and provide a reference for further optimizing the management of financial trading strategies.
[image: Figure 6]FIGURE 6 | Oad et al., 2023; Ahmad et al., 2022; Khan et al., 2023; Mohamed, 2022 and ours model comparing Accuracy metrics and Precision metrics in ICER dataset and NEA dataset.
During the experiment, we compare the performance of different models on Accuracy and Precision metrics and show the results using tables. From the table, it can be seen that our proposed Bo-BERT-GRNN model performs the best on both datasets in terms of Accuracy metrics, reaching 0.9457 and 0.9539, respectively. In contrast, in terms of Precision metrics, the model performs well on both datasets, achieving 0.9348 and 0.9364 accuracies. In contrast, the other models performed differently on different datasets but generally performed poorly on the Accuracy and Precision metrics. The results show that the Bo-BERT-GRNN model has high predictive ability and stability in analyzing the innovation management of financial trading strategies for smart grids, which can help companies better formulate and manage financial trading strategies. In addition, the results of this experiment provide a valuable reference for further optimizing the management of financial trading strategies.Table 3 shows the graphs of the experimental data results of the above experiments.
TABLE 3 | Chart summarizing the experimental findings of the model Oad et al., 2023; Ahmad et al., 2022; Khan et al., 2023; Mohamed, 2022 and ours model in the ICER database and the NEA database.
[image: Table 3]In Figure 7, We selected four datasets, ICER, NEA, EIA, and ACER, to compare the performance of different models in innovation management analysis of intelligent grid financial trading strategies. We mainly compared the recall metrics, and with the experimental results in Table 3 and Table 4, we draw the following conclusions:
[image: Figure 7]FIGURE 7 | Model Oad et al., 2023; Ahmad et al., 2022; Khan et al., 2023; Mohamed, 2022 and ours mode on EIA dataset, ACER dataset, ICER dataset and NEA dataset.
TABLE 4 | Chart summarizing the experimental findings of the model Lage and Castro, 2022; Rezaeimozafar et al., 2022; Guo et al., 2022; Ibrahim et al., 2022 and ours model in the EIA database and the ACER database.
[image: Table 4]We note that our model exhibits a high recall rate on the EIA, ACER, ICER, and NEA datasets, which is advantageous compared to the other models. This suggests that the model has potential applications in smart grid financial transaction identification, which can better detect possible transaction anomalies and improve transaction regulation’s effectiveness and efficiency.
In Figure 8, To evaluate the performance of different models in analyzing the innovation management of financial trading strategies for smart grids. We selected two datasets, the EIA dataset and the ACER dataset, which contain many financial transaction data and related information. We evaluated five different models, including the Lage and Castro model, the Rezaeimozafar et al. model, the Guo et al. model, the Tbrahim et al. model, and our own proposed model. We compared the performance of these models in terms of performance metrics such as the number of parameters, floating-point operations (Flops), training time and inference time. We organized the experimental results in Table 4.
[image: Figure 8]FIGURE 8 | Parameters metrics, Flops metrics, Training time metrics, and Inference time metrics for the Lage and Castro, 2022; Rezaeimozafar et al., 2022; Guo et al., 2022; Ibrahim et al., 2022 as well as for our models in the EIA database and ACER database Experimental Visualization.
During our experiments, we first downloaded the EIA and ACER datasets and imported them into our computing environment. Then, we implemented five different models and used the PyTorch framework for training and inference. We used the Adam optimizer and cross-entropy loss function during training with appropriate hyperparameters. We used the test set data in the inference process and recorded the inference time.
On both datasets, the EIA and ACER datasets, our proposed model performs optimally regarding performance metrics such as the number of parameters, Flops, training time, and inference time. This indicates that our model has high efficiency and accuracy and can perform better in real applications. Other models perform differently on different datasets but generally have lower performance metrics. For example, the Lage and Castro model performs poorly on the EIA dataset, while the Ibrahim et al. model does not perform well on the ACER dataset. Our experimental results show that our proposed model performs optimally on both datasets with the advantages of the lower number of parameters, Flops, and inference time, and our proposed model has high performance in analyzing the innovation management of financial trading strategies for smart grids and can be used in practical applications with higher efficiency and accuracy. This provides a valuable reference for further optimizing the management of financial trading strategies.
In Figure 9, We compare the performance of the five models on four datasets. According to Table 4 and Table 5, it can be seen that our models exhibit excellent performance on several datasets, including having a smaller number of parameters and lower FLOPs on the EIA and ACER datasets, as well as showing shorter training and inference times on the ICER and NEA datasets. These advantages enable the Bo-BERT-GRNN model to quickly process large-scale financial data in the electricity market, including historical price data, energy supply, demand forecasts, etc.
[image: Figure 9]FIGURE 9 | Comparative experimental visualization of Parameter metrics, Flops metrics, and Training time metrics of model Lage and Castro, 2022; Rezaeimozafar et al., 2022; Guo et al., 2022; Ibrahim et al., 2022 and ours model on EIA dataset, ACER dataset, ICER dataset, and NEA dataset.
TABLE 5 | Chart summarizing the experimental findings of the model Lage and Castro, 2022; Rezaeimozafar et al., 2022; Guo et al., 2022; Ibrahim et al., 2022 and ours model in the ICER database and the NEA database.
[image: Table 5]And our model performs best on the NEA dataset, having the lowest number of parameters, FLOPs, and shortest training and inference time. This means that our model can process data more efficiently in analyzing innovative management of financial trading strategies for smart grids, thus improving the accuracy and efficiency of trading decisions.
Therefore, our proposed BO-BERT-GRNN model has a good application prospect in smart grid financial trading strategy innovation management analysis, which can improve the efficiency and accuracy of data processing and thus help power market participants make more informed trading decisions. This is the general data table for and Figure. In table, we have selected several important metrics and the best data values for each group of models to visualize the results of our experiments. The bolded parts of the table represent the best data in each group of experiments.
5 CONCLUSION
This study investigates the innovation management problem of financial trading strategies for power system planning using the BO-BERT-GRNN model. The proposed model, which integrates Bayesian optimization, BERT model, and gated recurrent neural network, demonstrates its effectiveness in improving the efficiency and accuracy of model training, extracting features from historical data, and modeling and predicting power system planning.
The experiments conducted in this study validate the superior performance and generalization ability of the BO-BERT-GRNN model in various aspects of power system planning, including price prediction, energy transaction risk management, and energy asset allocation. The findings highlight the significance of this innovative management model in achieving electricity asset allocation, market risk management, and revenue maximization objectives. However, there are some shortcomings in our study, such as The dataset used in our study may have some limitations and may not cover all electricity markets, thus affecting the generalization and application of our model. Together with the high complexity of the BO-BERT-GRNN model, a large amount of computational and storage resources are required to support the training and application of the model. This may limit the model’s scope of use and efficiency in practical applications. We will continue to address these issues, improve the model, and refine the research results.
6 DISCUSSION
The results and implications of this study open up avenues for discussion on the innovative management of financial trading strategies in the field of power system planning. The integration of Bayesian optimization, BERT model, and gated recurrent neural network offers a comprehensive approach to address the challenges faced in the energy trading market.
The application of the BO-BERT-GRNN model not only enhances transaction efficiency and reduces costs but also provides valuable market insights for decision-making. By leveraging historical data, the model captures relevant features and patterns, enabling more accurate predictions and informed trading decisions.Furthermore, the BO-BERT-GRNN model’s generalization ability enables it to adapt to different scenarios and contribute to the optimization of energy asset allocation. This has practical implications for stakeholders in the smart grid financial transactions domain, as it can lead to improved risk management strategies and revenue maximization.
It is important to acknowledge that further research is needed to explore the potential of other models and techniques in the context of power system planning. Additionally, the integration of external factors, such as policy changes and market dynamics, can enhance the model’s predictive capabilities and decision-making process. This study contributes to the advancement of innovative management in financial trading strategies for power system planning. The findings serve as a foundation for future research and provide valuable insights for industry practitioners and policymakers seeking to optimize energy trading processes in the smart grid system.
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