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Abstract: With the rapid development of smart grid, how to solve the problems of professional business cooperation and information 
sharing, long data input time, accurate data, weak real-time, data extraction, redundant storage, low quality, privacy protection, further 
comprehensive management of data, mining the value of data resources has become one of the important tasks for the development of 
electric power enterprises. The traditional method uses edge computing for data transmission and task allocation. On this basis, we study 
the cross-platform power governance scheme based on edge unloading computing and deep reinforcement learning. The fi nal experimental 
results show that the scheme has smaller delay and lower energy consumption.
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1. Introduction
For many power enterprises, with the advent of the era of big data, faced with massive information and rapidly growing power data, 

traditional data management does not match with data organization and system, data access is diffi  cult, data standards are not high, and data 
quality is not high, which cannot meet the requirements of the power industry to obtain knowledge and information analysis from massive 
data quickly, accurately and effi  ciently . How to use data governance to standardize power work fl ow, eff ectively manage structured, semi-
structured and unstructured massive power data, mining and analyzing the potential value of power data, has become an urgent problem to 
be solved.

With the rapid development of the new generation of information technology represented by AI and the explosive growth of Internet 
applications, the massive information generated by mobile terminals will have a great impact on the transmission network and cloud services 
of mobile terminals.

Computing offl  oading technology has been proposed since 2000, and its core idea is always to provide highly complex services for 
devices with more computing resources. Mobile devices generate high latency sensitivity and high computing power to improve energy 
effi  ciency and user experience . According to diff erent unloading methods, edge unloading strategies can be divided into full unloading 
and partial unloading. The purpose of the study was to determine strategies for optimizing application processing between diff erent mobile 
devices and edges, which parts of the entire application could be unloaded, and how to unload to edges.

In this paper, we consider a smart grid scenario based on edge computing. Considering the unloading of user data information, we 
design a SDTO task unloading scheme based on reinforcement learning algorithm. The main contributions of this article are summarized as 
follows:

• Carry out cross platform training and analysis of power data, and use edge computing to process data.
• Based on reinforcement learning algorithm, we propose an SDTO task offl  oading scheme.
• Through the analysis of experimental results, the factors that aff ect the low latency and low energy consumption goals of the scheme 

are obtained.
The structure of the rest of this article is described below. Section 2 describes the application of power data in edge offloading 

and blockchain. In Section 3, we introduced our design methodology. Section 4 describes our experiments, as well as our experimental 
evaluation results and analysis. In Section 5, we summarize our work, propose some limitations, and discuss possible future work.

2. RELATED WORK
In terms of data governance practices, with the transformation of the power industry towards digitalization and informatization, data 

management has also been continuously implemented in various aspects of the energy industry. The research on multi source and diversifi ed 
data management has become a hot topic for the further development of the power industry, and is crucial for the stable, safe, and reliable 
operation of the power grid. In terms of data cleaning and fusion, J. Gao  proposed a response to the demand for massive multi-source data 
processing in smart grids. Combined with edge solutions provided by distributed computing, he proposed a distributed data fusion algorithm 
based on computing edges to address the existing problems of power equipment status data noise and redundant data monitoring data. On 
the basis of the above, Xue  considered the issue of energy consumption transmission during data transmission, and proposed a low energy 
consumption data transmission method based on the industrial popularization of the Internet of Things fusion mechanism method. G Divya 
et al.  introduced the application of machine learning methods in data fusion, and discussed the trend of data fusion. Y. Liang et al.  combined 
cloud computing and data management, Dcloud’s model data cloud platform, historical data cloud platform, real-time data cloud platform, 
and big data platform applications in data management, and data management systems based on the Dcloud model. Literature proposed 
entity identifi cation for heterogeneous data cleaning, enabling data users to make good use of information from heterogeneous data sources. 
On the basis of traditional power entity recognition methods, literature  adds bidirectional long and short term memory neural network, and 
uses partof speech features to recognize power corpus data.
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In terms of power data security, literature  uses smart contracts of blockchain technology to protect data and improve data security and 
data traceability. F.ZHANG et al.  uses distributed consensus algorithm in blockchain technology to realize data authority confi rmation, 
data traceability and other operations, improving power grid data governance level and open sharing ability. Literature  considers the 
security communication in smart grid system, combines edge computing with blockchain technology, and uses group signature to ensure 
the legitimacy of users. Literature  introduces a blockchain-based mutual authentication and key protocol, which can support effective 
conditional anonymity and key management, and ensure the safe transmission of data in turn. Literature  considers the privacy protection of 
data owners and receivers, and proposes a blockchain-based multi-party computing scheme for smart grid bilateral privacy protection and 
smart edge support.  

In this paper, We analyzed cross platform power governance based on edge computing and deep reinforcement learning. The fi nal 
experimental results show that our proposed scheme has smaller latency and lower energy consumption, while analyzing the factors that 
aff ect the governance eff ect

3. Analysis on cross-platform power governance based on edge computing and deep reinforcement 
learning

3.1 Our task offl  oading scheme consists of two parts
(1) Decide to process tasks in the local or edge cloud based on the battery capacity of the mobile device. In addition, the availability 

and load of tasks are determined based on various edge clouds;
(2) The edge cloud allocates computing resources for each task . We have designed an effective solution for computing resource 

allocation and task allocation based on the idea of software defi ned networks  - separating the control layer from the data layer.
3.2 Data processing process and cross-platform power governance analysis
3.2.1 Cross-platform training and analysis
(1) Each user will standardize the processed data samples in a unifi ed format.
(2) Build a total analysis neural network on the cloud server, and randomly initialize the neural network parameters.
(3) Each user shall build a mirror neural network consistent with the cloud server on their own edge server.
(4) The cloud server passes the parameters to each user to initialize each mirror network parameter.
(5) Each user uses his or her own data samples. To train their own network model alone, training methods and DNN unity.
(6) The training cycle is unifi ed with the above, and regularly return to the cloud server for the overall update.
(7) After the overall update of the cloud service, each user is sent to update their own mirror neural network parameters.
Each user only sends back the network model parameters. The cloud not only realizes the privacy protection of diff erent user data, but 

also realizes the cross-platform uninstallation analysis.
3.2.2 THE FLOW OF EDGE-COMPUTING DATA PROCESSING
1 Determine the constraints and objective functions to be optimized;
(1) The data information collected by the user must be unloaded to the edge for processing or
left locally; a represents the unloading policy, 1 represents local processing and 0 represents
unloading to the edge server for processing;
(2) The computing resources allocated by local calculation shall not exceed the total amount of
computing resources that can be used locally for processing data; X is the amount of computing
resources allocated locally for computing resources, and Y is the total amount of computing
resources that can be used locally for processing data;
(3) The total amount of computing resources allocated to all users for multimodal data
processing shall not exceed the edge server and the total amount of computing resources
allocated for data processing; a represents the unloading policy, b is the computing resources
allocated by the edge server to the n th user data processing, and F is the total amount of
computing resources allocated for data processing.(Vector is adjustable)
2. Each company collects the data of its own users in real time for data processing;
3. Vectortize the data collected in real time and convert it into a computational complexity
vector;
4. Establish a deep reinforcement learning model, in which the agent of the reinforcement
learning model is the deep neural network DNN, and the network parameters are randomly
initialized, the computational complexity vector collected at time N into the DNN network in
real time, and the unloading decision vector and resource allocation vector are obtained through
DNN network calculation. Both vectors process the data through the local and edge server
allocation of computing resources. 
5. Take the obtained unloading decision vector and resource allocation vector as the initial data, and the input is optimized according to 

various constraints and objective function, and then theoptimal and constituent sample data are selected. 
6. cycle execution and then train the DNN network every 10 cycles. 
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7. The objective function takes the shortest time in data processing in edge calculation.
3.3 Modeling of target problems
How much compute resources does the edge cloud allocate to each task. We aim to minimize the average task duration with limited 

battery capacity. Specifi cally, we defi ne integer decision variables { }1,0∈jm  indicating that the task is processed locally ( 1=jm ) or in an edge 
cloud ( 0=jm ). Therefore, the task placement variables are as follows:

{ }xmmmM ,,, 21 ⋅⋅⋅= and { }xωωωω ,,, 21 ⋅⋅⋅= The corresponding resource allocation variables are shown as follows: { }xσσσσ ,,, 21 ⋅⋅⋅= Formally, 
the task-unloading problem can be formulated as follows:
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The objective function (1) is to minimize the total task duration. The fi rst constraint (2) indicates that the local energy consumption 
is less than the remaining battery capacity of the mobile device, where the remaining energy consumption jε  is relative to the total battery 
capacity jAmax .

The second constraint (3) states that the energy consumption for transferring tasks to the edge cloud is limited by the mobile device 
battery. The third constraint (4) indicates that the relevant BS are those constraints j that provide services to user w. Last one condition (5) 
assigned to ω should not exceed the amount of calculation to calculate total amount, including jqω  says On the edge of cloud  ω computing 
tasks set j.

Objective functions and constraints
In this section, we demonstrate an effective task unloading scheme based on the optimization problem mentioned in (7). We first 

defi ned the objective function as follows:
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For simplicity, we defi ne that ( )ωθ ,m= Let L and F represent σ and θ  :the feasible set of the sum.The problem in Equation (1) is a 
mixed-integer nonlinear optimization problem.

From formula (7),  the resource allocation can only be obtained when the task is uninstalled to the edge cloud 0=jm . We set up 0
ji ω=

and 10 =jm .Then the objective function (7) can be converted to the following equation:
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Where ),( 0ωσh is a function of the relative toσ ={ }xσσσ ,,, 21 ⋅⋅⋅ Then we can get its Hessian matrix as follows:
Of these, each specifi c element is:
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The parameters in (8) are all positive numbers for 0. Thus, we conclude that all eigenvalue matrices F are positive and F is a symmetric 
positive defi nite matrix.
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3.5 problem formulation
Through the above discussion,we give that F∈= 0θθ .We can get the optimal solution in (11). On this basis, the original optimization 

problem is transformed into an integer planning problem for M andω , as follows:
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The optimization questions about and in (12) can be rewritten as optimization problems as follows:
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4. EXPERIMENT
4.1 Analysis of experimental results
In this paper, for task unloading, we assume that the computational quantity and data size are generated by a probability distribution. 

The total computing resource of the edge cloud is 30 GHz, while the total computing resource is 15 GHz. 
This section presents simulation experiments on the task unloading of mobile computing. Experimental results compare the task 

duration and energy cost of the proposed SDTO with other task unloading schemes.
Random offloading scheme: When the user proposes the task, the computing task is uninstalled to the edge cloud for processing 

or local random processing. We build a random generator that can generate numbers 0 and 1 with equal probability and then unload the 
computational task to the edge cloud or perform local random processing according to the random generator. Then, based on the random task 
allocation strategy, the resource allocation is given using formula(12).

Uniform unloading scheme: when the user put forward tasks, we according to the user’s battery capacity all tasks are divided into 
two parts, part is the edge cloud processing, the other part is the local local processing, and then resource allocation, similar to the random 
unloading scheme, based on the unifi ed task allocation strategy, use formula(12) gives resource allocation.

We set the task data size to follow a normal distribution with a mean of 10 MB. In computational terms, a uniform and normal 
distribution were used

As shown in Figure 4, we can conclude that the larger the computation of a task, the longer the task duration, the greater the energy 
expenditure.

               

(a)  Normal distribution                                                   (b)  Uniform distribution
Figure	1:	Eff	ect	of	calculated	volume	on	task	duration

             
(a) normal distribution                                                             (b)Uniform distribution

Figure	2:	Impact	of	the	calculated	quantities	on	the	energy	costs
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In Figure 1 (a) and Figure 2(a), when the random unloading, the results show that our proposed SDTO can reduce task duration by 
30% and energy cost by 10%. A 41% reduction in task duration and 11% in energy expenditure compared to the unifi ed unloading scheme. 
As shown in Figure 1(b) and Figure 2(b), when the calculated quantities follow a uniform distribution, the results are similar to the situation 
based on the normal distribution.

5. CONCLUSIONS
In this paper, we use reinforcement learning and edge computing technology to eff ectively analyze edge power data, and measure the 

two factors of task delay and energy consumption. We propose a solution for offl  oading edge cloud tasks or local processing. Experimental 
results show that our method works well. However, this article also has many shortcomings. Data security implications were not considered. 
This is also a follow-up study that needs improvement.

References
[1]Xie Weifeng. Research on data governance of N Power Company in the context of ubiquitous power Internet of Things [D]. Ningxia University, 2022.
[2]Wang Dongning. A Research on data governance of Electric Power Company [D]. Shandong University, 2020.
[3]Alkhalaileh M ,  Calheiros R N ,  Nguyen Q V , et al. Data-intensive application scheduling on Mobile Edge Cloud Computing[J]. Journal of Network and 
Computer Applications, 2020, 167(1):102735.
[4]J. Gao, Y. Zhen, H. Bai, C. Huo, D. Wang and G. Zhang, “Research and Analysis Validation of Data Fusion Technology Based on Edge Computing,” 2019 
IEEE 5th International Conference on Computer and Communications (ICCC), 2019, pp. 97-101.
[5]B. Xue, “Information Fusion and Intelligent Management of Industrial Internet of Things under the Background of Big Data,” 2021 13th International 
Conference on Measuring Technology and Mechatronics Automation (ICMTMA), 2021, pp. 68-71.
[6]G. Divya and T. I. Manish, “Machine Learning Techniques and Frameworks for Heterogeneous Data Fusion in Big Data Analytics,” 2020 4th International 
Conference on Electronics, Communication and Aerospace Technology (ICECA), 2020, pp. 1568-1574.
[7]Y. Liang, Y. Gu and J. Shi, “Power Grid Model Data Governance System Based on Dcloud,” 2021 IEEE International Conference on Power, Intelligent 
Computing and Systems (ICPICS), 2021, pp. 382-385.
[8]Lin Yiming. Study on effi  cient entity recognition algorithms for heterogeneous records [D]. Harbin Institute of Technology, 2017.
[9]Zhao Chang. Research on named entity identifi cation and entity link method for short text questions [D]. Southeastern University, 2019.
[10]F. Meng, W. Wang and J. Wang, “Research on Short Text Similarity Calculation Method for Power Intelligent Question Answering,” 2021 13th 
International Conference on Computational Intelligence and Communication Networks (CICN), 2021, pp. 91-95.
[11]Pei L I ,  Xin L D ,  Maurino A , et al. Linking temporal records[J]. Frontiers of Computer Science, 2012, 6(003):293-312.
[12]W. Cao, M. Cai, H. Cheng and S. Wu, “Power entity identification method in cloud environment,” 2020 IEEE 9th Joint International Information 
Technology and Artifi cial Intelligence Conference (ITAIC), 2020, pp. 782-785.
[13]Blockchain for Internet of Things: A Survey[J]. IEEE internet of things journal,2019,6(5):8076-8094.
[14]Z. Li, J. Kang, R. Yu, D. Ye, Q. Deng and Y. Zhang, “Consortium Blockchain for Secure Energy Trading in Industrial Internet of Things,” in IEEE 
Transactions on Industrial Informatics, vol. 14, no. 8, pp. 3690-3700, Aug. 2018.
[15]F. ZHANG et al., “Design of Power Grid Data Asset Management System Based on Directory Blockchain,” 2020 International Conference on Computer 
Science and Management Technology (ICCSMT), 2020, pp. 212-216.
[16]K. Gai, Y. Wu, L. Zhu, L. Xu and Y. Zhang, “Permissioned Blockchain and Edge Computing Empowered Privacy-Preserving Smart Grid Networks,” in 
IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7992-8004, Oct. 2019.
[17]J. Wang, L. Wu, K. -K. R. Choo and D. He, “Blockchain-Based Anonymous Authentication With Key Management for Smart Grid Edge Computing 
Infrastructure,” in IEEE Transactions on Industrial Informatics, vol. 16, no. 3, pp. 1984-1992, March 2020.
[18]Z. Guan, X. Zhou, P. Liu, L. Wu and W. Yang, “A Blockchain based Dual side Privacy preserving Multi party Computation Scheme for Edge enabled 
Smart Grid,” in IEEE Internet of Things Journal.
[19]Chen M , Hao Y . Task Offloading for Mobile Edge Computing in Software Defined Ultra-Dense Network[J]. IEEE Journal on Selected Areas in 
Communications, 2018:1-1.


