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Abstract The realization of carbon neutrality goal, the power grid main network to promote low-carbon operation. 
To meet the needs of low-carbon operation of the main grid, this paper constructs an operation decision model 
based on reinforcement learning algorithm. By embedding algebraic equations with multi-source grid scheduling 
knowledge, knowledge such as trend calculation is transformed into machine language understandable by 
intelligences. At the same time, normative processing such as Max-min normalization is performed on the data to 
solve the interference caused by different unit magnitudes. Several microgrids are designed to conduct comparison 
experiments to judge the difference between the decision-making method of this paper and the traditional decision-
making method. The results show that the extra amount of green power purchased by this paper's decision-making 
method in each time period is no more than 270kWh, which is much less than that purchased by the traditional 
method. The total cost of main grid operation is 29.09% lower than the traditional method. The total carbon carbon 
emission is decreased by 41.57% compared to the traditional method. The low carbon operation decision-making 
model of power grid main network based on reinforcement learning algorithm can reduce the economic cost of 
power grid main network operation and realize the low carbon goal at the same time. 
 
Index Terms reinforcement learning algorithm, grid main grid low-carbon operation, multi-source scheduling 
knowledge, trend calculation, data normalization 

I. Introduction 
In the context of the new era, with the accelerated pace of international energy change, the energy “four revolutions, 
one cooperation” to further promote China's transformation from high-speed development to high-quality 
development also puts forward new requirements for the transformation and upgrading of the electric power industry. 
The main goal of the development of the electric power industry is to change from the long-standing guarantee of 
supply to the construction of a modern electric power industry system that is clean, low-carbon, safe, efficient, 
flexible and intelligent [1]. According to China's 2020 “non-fossil energy consumption accounted for 15% of primary 
energy consumption” development goal, clean and low-carbon is one of the priorities of the power industry 
development [2], [3]. The main grid is the bridge connecting the transmission grid and end users. With the 
continuous progress of all kinds of smart grid technology, all kinds of distributed power supply and energy storage 
components in the distribution system to obtain a wide range of these new technologies for the operation of the 
main grid brings a new optimization space [4]. From the perspective of low-carbon development, the main grid can 
take the low-carbon goal as a consideration for optimized operation [5]. 

At present, a large number of research results have been achieved at home and abroad for the low-carbon optimal 
operation of the main grid. For example, Jin, J et al. constructed a low-carbon dispatch model for the power grid 
considering the cooperative mechanism of carbon emission reduction and the introduction of wind power generation, 
and utilized a carbon capture device to effectively absorb the CO2 produced by a coal-fired turbine, thus realizing 
the low-carbon operation of the power grid [6]. In order to enhance the local consumption of distributed energy, Du, 
J. N et al. came out with a cooperative low carbon operation optimization strategy for multi-microgrid grids 
considering tariff uncertainty and gaming fraud [7]. Xiang, Y et al. in their study explored the impact of different low-
carbon technologies on the economic dispatch of microgrids and constructed a two-stage stochastic optimal 
dispatch model based on opportunity constraints [8]. Tan, Z et al. proposed a natural gas power generation (GVPP) 
model based on new energy consumption and P2G (methanization) subsystems, which significantly reduces the 
carbon emissions of the grid system [9]. Nasiri, T et al. designed and planned a multi-energy carrier microgrid, 
estimated the amount of carbon distributed in the energy system by using the modeling technique of carbon dioxide 
flow in the energy system, and proposed an optimization method for multi-carrier systems at the distribution system 
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level [10]. However, with the gradual massification of the grid scale, the gradual complexity of the system structure, 
and the diversification of the control variables, it is difficult for the above methods to obtain the optimal low-carbon 
operation strategy quickly and effectively [11]. 

With the rapid development of AI technology, reinforcement learning (RL) methods with memory capability are 
widely used in voltage control and operation optimization of power grids [12]. Zhong, L et al. proposed a deep 
reinforcement learning based optimization approach that significantly reduces the operating cost and carbon 
emissions of the grid, and also provides a fresh perspective on the co-optimization of shared energy storage and 
distribution networks [13]. Alabi, T. M et al. constructed a hyper-parameter adaptive optimal scheduling model for a 
multi-energy supply grid using deep reinforcement learning (DRL), which can formulate the optimal multi-element 
output strategy in the system in real time to achieve low-carbon operation of the grid [14]. Jendoubi, I and Bouffard, 
F constructed a control framework based on multi-intelligence deep reinforcement learning for solving the multi-
dimensional power low-carbon optimal operation problem with uncertainty, which uses centralized training and 
decentralized execution to coordinate different energy sources and realize the low-carbon operation of microgrids 
[15]. Through the above studies, we can see that reinforcement learning adaptively learns the optimal operation 
strategy through different explorations and quickly gives the operation results of multi-energy synergy [16]. At 
present, scholars mainly use deep reinforcement learning for optimal scheduling of microgrids, but the research on 
reinforcement learning methods for low-carbon operation of the main grid grid is still relatively small. 

In this paper, we study the feasibility of decision-making methods for low-carbon operation of the main grid based 
on reinforcement learning algorithms. Algebraic equations and so on are constructed to transform the multi-source 
scheduling knowledge, which cannot be represented by one method, into machine language, which is convenient 
for intelligences to understand and learn. Adopt multiple data specification methods to realize the normalization of 
multi-source data and reduce the model training cost. Design multiple types of microgrids as research objects. Set 
up comparative experiments to analyze the actual level of the traditional operation decision-making method and the 
method of this paper in operation decision-making such as power purchase. 

II. Knowledge and technologies related to low-carbon operation of the main network of 
the grid 

This chapter analyzes the theoretical knowledge related to low-carbon scheduling and data processing of the main 
grid. On this basis, a decision control model for low-carbon operation of the main grid network based on 
reinforcement learning algorithm is constructed. 

 
II. A. Knowledge representation of low-carbon dispatching in the grid 
According to the storage method of data source, the grid low carbon dispatching knowledge can be categorized into 
numerical dispatching knowledge, mechanism-based dispatching knowledge, text-based dispatching knowledge 
and dispatcher experience-based dispatching knowledge. Among them, numerical dispatching knowledge includes 
grid topology, unit information, branch circuit parameters, historical/forecast timing data, etc.; mechanistic 
dispatching knowledge includes trend calculation, unit combination, economic dispatching, transmission structure 
optimization, etc.; textual dispatching knowledge includes electric power text, electric power database retrieval, etc.; 
and dispatcher's experience class includes unit output power adjustment amount, standby reservation ratio, cross-
section transmission limit modification value, chained fault sets, etc. 

Model-driven solving methods by constructing objective functions and constraints and then resorting to solvers 
are still dominant. Operational research methods such as Equal Constraints and Inequal Constraints are highly 
interpretable, but there is no way to incorporate the scheduler's correction process. Dispatchers who have been 
engaged in scheduling for a long time have a wealth of operational experience, but it is impossible to directly model 
this scheduling experience, which can only be reflected in the historical scheduling data. So the dispatcher's 
correction process based on his own experience is an implicit representation. 

Knowledge in the field of grid low-carbon dispatching is characterized by multiple sources, polymorphism, and 
difficulty in cross-validation. Their expression forms are often incompatible with AI models. In order to embed 
scheduling knowledge into an intelligent body, for a scheduling knowledge, this paper proposes at least one 
representation. Examples include dispatcher experience represented in textual form, scheduling protocols 
represented as logic rules, time-series prediction data necessary for solving optimal scheduling problems, and grid 
models involving grid topological connectivity and maintenance schedules. 

Regardless of the form in which the grid's low-carbon scheduling knowledge is represented, it must be converted 
into a machine language that can be understood by scheduling intelligences, thus enabling direct human 
involvement in the intelligent scheduling process. Due to the limited scope of the research in this section, only a 
brief description of the tidal current calculation in the mechanism-based scheduling knowledge is given below. 
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Mechanism-based scheduling knowledge can be expressed in terms of algebraic equations or differential 
equations, etc., as exemplified by tidal flow calculations. The calculation of tidal current (PF) is the process of 
obtaining the branch tidal current given a set of injections and topology. In other words, the branch currents can be 
viewed as a function of the node injections X  and the topology  , as shown in equation. A theoretical foundation 
is provided for subsequent grid simulation environments for grid security domain labeling and smart bodies. 

 ( , )brS pf X   (1) 

where: brS  denotes the tributary current, including active and reactive power at both ends of the tributary; X  
denotes the node injections, including active power of the unit, machine-end voltage, and node loads;   denotes 
the topology, including node-connection relationships and tributary parameters of the network; and ( )pf   denotes 
the tidal current computation, including the AC tidal current model and the DC tidal current model. 

 
II. B. Data normalization 
In the process of machine learning, models and algorithms only make the results more precise, what really plays a 
significant role in data analysis is data features and data preprocessing, especially for classification of neighboring 
data and neural networks, data preprocessing is extremely important, and its analysis results will produce great 
variability due to the difference in the unit of measure, in order to avoid the dependence of the results on the unit of 
measure, data standardization and normalization should be carried out, the Reconstructing the sample narrows the 
common interval of the data, eliminates the difference in the measure between the data, and shortens the model 
training time so as to improve the robustness. Data can be normalized by means of weight assignment, such as 
neighborhood data classification by narrowing the weight gap between larger and smaller initial value domains. 
Data normalization of neural network algorithms can speed up the learning of training group attributes. Among the 
data normalization methods are the following methods: 

1) Max-min normalization, which is a linear transformation of data on the basis of maintaining the original 
relationship between the data, and the inputs that are out of range will display the error message “out of bounds”, 
which is calculated by the formula: 
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where maxA  and minA  denote the maximum and minimum values of attribute A , respectively; and iu   denotes 

the value of attribute A  mapped to the interval min max[ , ]new A new A   values. 

2) Z-score normalization, also known as zero-mean normalization, is calculated as: 
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where A   denotes the standard deviation of attribute A  , with the formula as in Equation; 2   denotes the 
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If the standard deviation A  in Eq. (3) is replaced by the mean absolute deviation, the mean absolute deviation 
of the attribute is calculated as: 
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Therefore, the formula for Z-score normalization via mean absolute deviation is: 

 
' i
i

A

u A
u

S


  (6) 

For discrete-point Z-score normalization, mean absolute deviation has better robustness compared to standard 
deviation. 

3) Decimal calibration normalization, which refers to the goal of normalization by moving the decimal point position 
of attribute A , is calculated as: 
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where j   denotes the smallest integer value of max | | 1iu    ; the position of the decimal point in the above 

equation is determined by the maximum absolute value of the attribute A . 
 

II. C. Decision-making control for low-carbon operation of the main grid of the power grid 
II. C. 1) Sample data 
The main grid network as a real-time operation of the nonlinear system, there is a close interconnection between 
its internal components, whether it is the change of the peripheral environment or the state change of the 
components themselves, will cause a significant impact on the safe and stable operation of the main grid network. 
When the disturbance phenomenon occurs in the main grid network, it is easy to trigger the instability phenomenon, 
which is not conducive to the balance of mechanical and electromagnetic torque, and the generator rotor is easy to 
run fast, but it is difficult to eliminate or admit the unbalanced energy for the low carbon operation control strategy 
of the main grid network. Therefore, in the process of selecting sample data, generator electromagnetic power and 
mechanical power can be considered. If there is a fault in the main grid network, it is also necessary to take timely 
restoration measures, and the active, reactive power and voltage difference between the normal operation of the 
main grid network and the moment of going out of the fault are considered as the grid environment information. 
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where , ,t t tP Q U   are the values of active, reactive power and voltage at the moment t  , respectively. When 
evaluating the operation state of the main grid, since the main grid is in dynamic balance, the evaluation indexes 
can be chosen as power angle, generator speed deviation and voltage. In order to improve the algorithm capability 
and the effect can be compared, the data are categorized according to the attributes, and then the data are archived 
to obtain the sample data set. 

 
II. C. 2) Feature selection 
When analyzing the low-carbon operation strategy of the main grid from the actual situation of low-carbon operation 
of the main grid and its environment, it should be ensured that the low-carbon operation strategy can show good 
adaptability and universality to various operation modes of the main grid. Reasonable selection of key low-carbon 
operation characteristics of the main grid can help optimize the algorithm efficiency and improve the algorithm 
performance. By analyzing the low-carbon operation characteristics of the main grid, from the physical level, it is 
easily affected by physical quantities such as voltage, power angle, phase angle and frequency. From the data-
driven level, the low-carbon operating characteristics of the main grid can be regarded as a mathematical expression 
of the intrinsic properties of the data. For example, the linear eigenvalue statistics and the central limit theorem in 
random matrix theory can accurately reflect the distribution of eigenvalues in the sample data. 

 
II. C. 3) Reinforcement of the learning process 
By analyzing the reinforcement learning process of low-carbon operation strategy for the main grid, the main 
purpose is to achieve the return requirement by learning information and modifying the strategy. When inputting the 
reinforcement learning information, it is necessary to select the result input based on the deep convolutional neural 
network features and continuously train the network to calculate the Q value. 

III. Comparative experiments for decision-making in the operation of the main grid 
This chapter analyzes the difference between the low-carbon operation strategy method based on reinforcement 
learning algorithm for the main grid network and the traditional operation decision-making method in terms of power 
purchase situation, grid operation cost, and total carbon emissions through comparative experiments. It verifies the 
practical value of the low carbon operation strategy method for the main grid based on reinforcement learning 
algorithm in realizing the low carbon operation goal. 

 
III. A. Microgrid design 
In order to facilitate the use of reinforcement learning algorithms for knowledge related to low-carbon scheduling of 
the main grid, this paper designs three microgrids with different power supply types as research objects to ensure 
the diversity of the main grid types. Table 1 shows the parameter design of each microgrid. From the three 
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microgrids designed, five types of power types such as wind turbines are covered, and the upper limit of the units 
is in the range of 100-250kW, the lower limit is in the range of 0-50kW, and the operation and maintenance cost is 
in the range of 0.0014 yuan/kWh-0.0828 yuan/kWh. Overall, the grid mains type is diverse and meets the needs of 
the study. 

Table 1: Parameter design of each microgrid 

Power supply type 
Microgrid Set 

O&m cost factor /(yuan /kWh) 
A B C Upper limit /kW Lower limit /kW 

Wind turbine 1 set 1 set 1 set 250 50 0.0295 

Photovoltaic unit 1 set 1 set 2 set 200 50 0.0095 

Rechargeable battery 1 set 0 set 1 set 100 0 0.0014 

Gas turbine 1 set 1 set 1 set 150 50 0.0462 

Oil engine 1 set 1 set 1 set 150 50 0.0828 

 
III. B. Operational Decision Scenario Setting and Comparative Analysis 
III. B. 1) Scenario Setting and Initial Data Analysis 
In order to judge the advantages of the reinforcement learning algorithm based decision making for low carbon 
operation of the main grid, a comparison scenario is set up to understand the respective carbon emission levels 
under different planning. The carbon potential of the main grid in each time period and the unit cost of the distribution 
grid purchasing power from the transmission grid in each time period are used as the measures of the carbon 
emission level. Scenario 1: Traditional grid main grid operation decision without considering low-carbon elements 
in the distribution grid scheduling process; Scenario 2: Low-carbon grid main grid operation decision, based on 
Scenario 1, combined with reinforcement learning algorithms and considering low-carbon elements, and optimized 
by embedding the carbon emission cost into the objective function. 

Figure 1 shows the initial three microgrid main grids with average carbon potential in each time period. Fig. 2 is 
the initial average unit cost for each time period of power purchase from the transmission grid by the distribution 
grid. From Fig. 1 and Fig. 2, it can be seen that the average carbon potential of the three microgrids' main grids in 
each time period shows the trend of increasing and then decreasing, which is in line with the law that people's 
electricity consumption in daytime is greater than that in nighttime. And the average carbon potential of the main 
grids in each time period is greater than 300g/kWh, and the highest reaches 1200g/kWh, which is higher in general. 
From the average unit cost, we can also see a similar pattern with the average carbon potential, in the daytime 
when the electricity consumption is high, the corresponding unit cost is also higher, the highest reaches 0.678 
yuan/kWh, and the lowest is more than 0.375 yuan/kWh. 3 microgrids main network initial carbon emissions and 
the actual cost of electricity consumption are high, and need to be optimized accordingly. 

 

Figure 1: Average carbon potential of the main network at each time 
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Figure 2: Cost of purchasing electricity from the distribution network for each period 

III. B. 2) Comparative analysis of power purchases 
The reinforcement learning algorithm comprehensively learns the relevant scheduling knowledge, combines with 
the low-carbon operation goal, and makes operation and scheduling decisions for each unit module of the main grid, 
so that each unit module within the main grid realizes the correct action in order to reduce the electricity consumption 
and carbon emissions. Comparing the specific power purchase situation under different operation decision 
scenarios, the difference in the investigation situation between the traditional decision-making method and the low-
carbon grid main network operation decision-making method based on the reinforcement learning algorithm can be 
preliminarily analyzed. 

Figure 3 shows the power purchase situation of scenario 1. Figure 4 is the power purchase situation of scenario 
2. In this case, green power refers to the green and clean power that needs to be purchased from the transmission 
grid at an additional cost of environmental equity price when the power consumption of the main grid exceeds a 
certain amount. Comparison of Fig. 3 and Fig. 4 reveals that under the premise of constant total power purchase, 
the amount of green power purchased by the traditional grid main grid operation decision without considering the 
low-carbon factor is more than 200kWh, and the amount of green power purchased in nearly half of the time period 
reaches more than 500kWh, which is a very large amount of purchase. On the other hand, the amount of green 
power purchased by the main grid operation decision based on reinforcement learning algorithm for low-carbon 
power grid is not more than 270kWh in each time period, and the amount of green power purchased in nearly half 
of the time periods is less than 200kWh, which is a relatively small amount of purchased power. From this, it can be 
initially judged that the main grid operation decision based on the reinforcement learning algorithm can fully learn 
the scheduling knowledge of senior dispatchers and other senior dispatchers, so that the power distribution quantity 
is in a more balanced state in each time period, and does not need to purchase a large amount of additional green 
power to supplement. 

 

Figure 3: Electricity purchases in scenario 1 
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Figure 4: Electricity purchases in scenario 2 

III. C. Validation of the effectiveness of decision-making methods 
III. C. 1) Grid operating costs under different scenarios 
Compare the operation costs associated with the traditional operation decision-making methods and the low carbon 
grid main grid operation decision-making methods based on reinforcement learning algorithms, and determine the 
application value of the low carbon grid main grid operation decision-making based on reinforcement learning 
algorithms in reducing the operation costs. Table 2 shows the grid operating costs under different scenarios. 
Analyzing the data, it is found that the total cost of the low-carbon grid main grid operation decision-making method 
based on the reinforcement learning algorithm is 18,600 yuan, which is reduced by 7,629 yuan compared with 
26,229 yuan of the traditional operation decision-making method, and the total cost is reduced by 29.09%. In other 
indicators such as power purchase cost and coal consumption cost, the cost of the low-carbon grid main grid 
operation decision-making method based on the reinforcement learning algorithm is lower than that of the traditional 
operation decision-making method. It shows that the low-carbon grid main grid operation decision-making method 
based on reinforcement learning algorithm can not only reduce the amount of green power purchase, but also 
reduce the operation cost from the perspective of the overall operation of the grid main grid. 

Table 2: Power grid operation costs under different scenarios 

Scenario 

Cost 
Scenario 1 Scenario 2 

Total cost (yuan) 26229 18600 

Power purchase cost (yuan) 21636 18125 

Carbon emission cost (yuan) 3649 3050 

Carbon quota sale (yuan) 3096 5980 

Coal consumption cost (yuan) 5400 1032 

Curtailment cost (yuan) 3818 313 

Carbon sequestration cost (yuan) 0 0 

 
III. C. 2) Comparative analysis of carbon emissions under different scenarios 
The carbon emissions of the main grid operation in the two scenarios are further compared to analyze whether the 
decision-making method based on reinforcement learning algorithm for the main grid operation of low-carbon grid 
can successfully achieve the low-carbon operation goal. Figure 5 shows the carbon emissions in different time 
periods under the two scenarios. Observing the carbon emission curves of the two scenarios in Fig. 5, it can be 
seen that the final total carbon emission of the low-carbon grid main grid operation decision-making method based 
on the reinforcement learning algorithm is 11.05t, which is 7.86t less than that of the traditional decision-making 
method of 18.91t, with a decrease of carbon emission by 41.57%, and in the same period of time, the carbon 
emission of the low-carbon grid main grid operation decision-making method based on the reinforcement learning 
algorithm is lower than that of the traditional operation decision-making method. Therefore, it can be finally judged 
that the low-carbon grid main grid operation decision-making method based on the reinforcement learning algorithm 
can well realize the low-carbon operation goal. 
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Figure 5: Carbon emission in different time periods under the two scenarios 

IV. Conclusion 
In this paper, we construct a low-carbon operation decision model for the main grid that integrates reinforcement 
learning algorithms and multi-source knowledge representation, and verify its effectiveness with comparative 
experiments. In three types of microgrid experiments, the purchased quantity of green power of this paper's method 
is less than 270kWh in each time period, and the purchased quantity is less than 200kWh in nearly 50% of the time 
periods.The total operation cost of this paper's method is 18,600 yuan, which is reduced by 7,629 yuan comparing 
with that of the traditional operation decision-making method. In the total carbon emission, the method in this paper 
reduces 7.86t compared with the traditional decision-making method.The low-carbon operation decision-making 
model of the main grid based on reinforcement learning algorithm in this paper can well realize the low-carbon 
operation goal of energy saving and emission reduction, with both environmental protection and economy. In the 
future, we can further study the realization possibility of cross-regional power grid main grid cooperative scheduling 
to enhance the operation decision-making ability of the model. 
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