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Abstract Carbon dioxide emission reduction relies on an accurate carbon emission monitoring system, and 
China's electric power industry accounts for 40% of the country's total carbon dioxide emissions, so the study of 
carbon emission monitoring methods for the electric power industry is of great significance. This paper proposes 
the monitoring direction of grid carbon emission data from the perspectives of pressure, flow, humidity, temperature, 
etc., associates the calculation formula of total carbon emission, establishes the monitoring model of grid carbon 
emission, and implements real-time monitoring of carbon emission in the power industry. Based on the current 
monitoring framework of the power system, the carbon flow calculation of the system is carried out, Q learning 
algorithm and VMD are introduced, and a combined prediction model based on VMD and DL is proposed for 
predicting the carbon emissions on the power generation side. The difference between the real value and the 
predicted value of the carbon emissions prediction of the VMD-DL model is not large, and the mean value of the 
error is at -1.779×10-4 megatonnes, and the combined model obtains the prediction of the optimal carbon flow 
Data. Using the VMD-DL model in the regional scenario, the out-of-sample 2018-2022 five-year minimum 
percentage error of 0.005% and the average absolute error of 0.01% show that the model error is small and the 
measured values fit the growth trend of total energy consumption in five years better. 
 
Index Terms carbon emission data, Q-learning algorithm, VMD-DL model, optimal carbon flow prediction 

I. Introduction 
With the “double carbon” goal, China has begun to actively implement carbon emission reduction measures. For 
electric power enterprises, on the one hand, coal-fired power generation enterprises reduce the carbon emission 
content in the production process by continuously improving the installed capacity, process technology, etc. [1]. On 
the other hand, the increase of renewable energy also reduces the dependence on fossil fuels, which helps to 
reduce carbon emissions [2]. Carbon emission monitoring and prediction is the basic prerequisite for accurately 
grasping the trend of carbon emission changes, effectively carrying out all carbon emission reduction work, and 
promoting the green transformation of the economy [3]. Researchers can obtain accurate carbon source and sink 
status data and change trend information of known greenhouse gases such as emission concentrations, emissions 
and ecosystem carbon sinks and impacts through numerical simulation, comprehensive observation, statistical 
analysis and other means [4]-[6]. As a key environmental protection activity, it aims to track and assess the carbon 
emissions generated from various activities and processes [7]. Carrying out carbon emission monitoring not only 
supports the service of carbon emission reduction and promotes the implementation of control measures such as 
pollution reduction and carbon reduction, source management, but also provides continuous data support for 
ecological impacts and changes, as well as forecasting and assessment, and taking positive preventive measures 
in advance [8]-[10]. Through detailed carbon emission monitoring, the government and enterprises can formulate 
effective carbon emission reduction strategies to reduce their impact on climate change, and the public can also 
actively participate in environmental protection by understanding and participating in carbon emission monitoring 
[11]-[13]. 

This paper monitors carbon emission data such as pressure, flow, humidity, temperature, and CO2 volume of the 
power grid, adds carbon flow markers to the concept of tidal current of each branch of carbon emission, and 
designs the grid carbon emission process. Using device testing, compare and analyze the carbon emission 
monitoring and analyzer constructed in this paper to continuously monitor the changes of CO2 emission in the 
power system online. Build the carbon emission calculation model, comprehensively calculate the grid current, 
transmission loss and other carbon emission intensity influencing factors, optimize the model construction based 
on the carbon flow prediction optimization framework, and introduce the Q-learning reinforcement learning 
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algorithm. The combined prediction model is used, the variational modal decomposition algorithm is added, and 
the alternating direction multiplier algorithm is used to solve the model to further improve the prediction accuracy. 
The electric power carbon emission prediction model is applied to the carbon emission analysis of regional and 
industry scenarios to assess the prediction trend of carbon emission. 

II. Carbon emission monitoring methods for electricity 
II. A. Carbon emission monitoring modeling 
II. A. 1) Basic principles of carbon emissions 
(1) Carbon Emission Monitoring 

The carbon emission data of the power grid is monitored, including pressure, flow rate, humidity, temperature, 
CO2 volume fraction, CO2 emission mass concentration, oxygen, and power purchased from outside the enterprise, 
and the total amount of CO2 emission is calculated in the time dimensions of day, month, and year [14]. The 
formula for the total amount of CO2 emission is as follows: 

 3

1

( 10 )
n

i i
i

G Mt E



    (1) 

 3d s
2

(1 ) 44
(CO ) 10

p V
M C

RT

  
    (2) 

In Eq. (1) I (2), G  is the total CO2 emission, t, n  is the number of hours in the statistical time, M  is the 
carbon emission rate, kg/h, it  is the length of the i th time period, h, iE  is the purchased electricity emission in 

the i th time period, t, cdp  is the pressure, Pa, sV  is the volumetric flow rate, m³/h,   is the humidity, and R  is 

the standard molar gas constant, taken as 8.314 J/(mol∙K). T  is the temperature, K, C(CO2) is the volume fraction 
of CO2 in the flue gas, %, E  is the CO2 emission from the net purchase of electricity used by the enterprise, t, bA  

is the net purchase of electricity by the enterprise, MW∙h, and FE  is the electricity supply emission factor, 

t/(MW∙h). 
At the same time, the carbon emission situation is displayed by spatial dimensions such as unit, enterprise and 

region, which is convenient for managers to grasp the carbon emission situation of the unit in real time, and provide 
relevant data on carbon emission for the supervisory department. 

(2) Indicator Management 
CO2 emission intensity is related to CO2 emission mass concentration, flue gas flow rate and real-time output, 

and its calculation formula is shown in Equation (3) a (4), i.e.: 
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In Eq. (3) I Eq. (4),   is the CO2 emission intensity during the statistical time period, g/(kW∙h),   is the CO2 

emission intensity of the unit, g/(kW∙h),   is the real-time output of the unit, MW,   is the mass concentration of 

the unit's CO2 emissions, mg/m³, gasf  is the flue gas flow rate of a single unit, km³/h. 

 
II. A. 2) Carbon emission monitoring model for the grid 
From the perspective of power grid, because of the different power generation technologies, it will lead to different 
carbon emission characteristics and carbon emissions. Therefore, it relies on the current to construct the 
theoretical system of carbon emission flow of power grid. From the surface, the carbon emission flow of the power 
grid is to add a carbon flow mark to the concept of the current of each branch circuit. From the surface, CO2 is 
emitted into the atmosphere by power plants, but from a deeper level, CO2 emissions are driven by user-side 
consumption. Because carbon flow and current are closely linked, it can be assumed that the carbon flow flows 
with the current, and flows out from the power plant together and eventually flows into the load node. 

At present, with the gradual improvement of carbon emission flow theory and the deepening of research, it can 
be found that the carbon emission flow model based on the principle of proportional sharing can play a better effect. 
Figure 1 shows the concept and calculation of carbon emission flow theory. 
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Carbon flow rate refers to the carbon emission corresponding to the current passing through the grid node or grid 
branch in a unit time t , which is denoted by R : 
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Figure 1: Schematic diagram of grid carbon emission flow 

where: C  denotes the CO2 emissions of the streamer, and t  denotes the time. 
Carbon flow density refers to the CO2 emissions of the generating unit corresponding to the unit of electricity. 
Carbon intensity of generating unit refers to the CO2 emission intensity generated by the power plant in real time 

according to the characteristics of power generation. 
Tributary carbon intensity refers to the amount of CO2 emissions required on the power plant side to transmit a 

unit of electricity in the grid tributary, i.e., the ratio of the tributary carbon flow rate to the active tidal current, 
denoted by  : 

 
R

P
   (6) 

where: P  is the active power corresponding to the branch. 
The branch carbon flow density should be equal to the carbon potential of the first node flowing into that branch. 

The node carbon potential refers to the carbon emissions on the generation side of the node caused by the 
consumption of a unit of electricity equivalent to the carbon emissions on the generation side of the node, and is 
equal to the weighted average of the carbon flow densities of all the tributaries flowing into the node with respect to 
the active power, e.g., the carbon potential of the node n  is: 
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where: nE  is the carbon potential of the grid node n , ,k nP  is the power of the k  branch of the grid node n , 

,G nP  is the output power of the generator connected to the grid node n , ,k n  is the carbon flow density of the k  

branch injected into the grid node n , and K  is the number of branches connected to this node for the injected 
power, ,G nE  is the carbon emission intensity of the generator connected to the grid node n . 

For example, for Figure 1, the carbon potential of node 6 is: 
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where: 1,6P  is the power injected into the 1st branch of grid node 6, 1,6  is the carbon flow density of the 1st 

branch injected into grid node 6, ,6GP  is the output power of the generator connected to grid node 6, and ,6GE  is 

the carbon emission of the generator connected to grid node 6. Intensity. 
The carbon emissions of the node loads can be obtained by calculating the node carbon potential [15]: 

 n n nT E L   (9) 
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where: nT  is the carbon emission of node n  and nL  is the load of node n . 

Table 1: Carbon emissions calculation results 

Serial number 
Driver E1/kgCO2 

Artificial Material Energy consumption Summation 

1 0.015 0.415 1.846 2.276 

2 0.067 - 1.165 1.232 

3 0.015 - 2.348 2.363 

4 0.044 - 1.569 1.613 

5 - - - - 

6 0.042 6.452 3.545 10.039 

7 0.024 9.415 5.318 14.757 

8 0.154 - 4.248 4.402 

9 - - - - 

10 - - - - 

11 0.075 - 0.915 0.99 

12 0.215 14.648 6.515 21.378 

13 0.031 2.169 0.648 2.848 

14 0.013 - 0.013 0.026 

Serial number 
Normal E2/kgCO2 

Artificial Material Energy consumption Summation 

1 0.025 0.348 1.485 1.858 

2 0.077 - 0.926 1.003 

3 0.026 - 2.152 2.178 

4 0.042 - 1.248 1.29 

5 0.013 - - 0.013 

6 0.042 5.815 3.215 9.072 

7 0.039 8.648 4.598 13.285 

8 0.134 - 3.848 3.982 

9 0.012 - 0.045 0.057 

10 0.087 - - 0.087 

11 0.065 - 0.845 0.91 

12 0.255 18.548 5.845 24.648 

13 0.044 1.648 0.564 2.256 

14 0.016 - 0.015 0.031 

Serial number 
Economy E3/kgCO2 

Artificial Material Energy consumption Summation 

1 0.034 0.315 1.155 1.504 

2 0.096 - 0.846 0.942 

3 - - - - 

4 0.045 - 1.016 1.061 

5 0.013 - - 0.013 

6 0.034 5.485 2.945 8.464 

7 0.033 7.845 4.064 11.942 

8 0.154 - 3.345 3.499 

9 - - - - 

10 0.054 - - 0.054 

11 - - - - 

12 0.264 13.856 5.548 19.668 

13 0.065 1.341 0.468 1.874 

14 0.024 - 0.015 0.039 
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II. B. Analysis of monitoring results based on electricity carbon emissions 
II. B. 1) Carbon emission data monitoring 
Carbon emissions in the process of electric power construction are mainly composed of carbon emissions 
generated by labor, materials and energy consumption, etc. Based on equations (5) to (9), the accounting process 
of carbon emissions includes the determination of factors such as carbon flow, carbon potential and carbon 
emission intensity. In addition, although some scholars believe that the carbon emissions generated by electric 
machinery in different operating states, such as startup, no-load, full-load, etc., considering that China's electric 
power is in a period of development, the impact of the operating state of the machinery on carbon emissions is not 
considered for the time being. Combined with the on-site material consumption and research, the final carbon 
emission calculation results are shown in Table 1, the carbon emission in the rushing state is the largest, and the 
total carbon emission of the whole electric power construction process is 61.924 kgCO2, the total carbon emission 
of the normal state is slightly lower than that of the rushing state which is 60.67 kgCO2, and the carbon emission of 
the economizing state is lower than that of the other two states which is only 49.06 kgCO2. 
II. B. 2) Device testing 
Figure 2 shows the comparison of carbon emission monitoring and analyzer testing in this paper. The 
measurement result of CO2 emission in the power system is: analyzer > carbon emission monitoring model 
designed in this paper, but the trend of the two is the same, and the difference of the measurement value remains 
constant, and the difference between the two ranges from -0.05 to 0.059. 

 

Figure 2: This paper compares carbon emission monitoring and analyzer test 

Acquisition of the electric power carbon emission monitoring measurement data designed in this paper, Figure 3 
shows the results of the carbon emission monitoring operation test of the electric power system, Figure (a) is the 
emission of 2023.12.15, Figure (b) is the emission of 2023.12.16, Figure (c) is the emission of 2023.12.17, and 
Figure (d) is the emission of 2023.12.18, the CO2 emission is basically kept at 15%, according to the phenomenon 
of emission decreasing significantly for a short time and then recovering rapidly to a stable level that occurs at fixed 
time intervals, the daily carbon emission of 12.15 is 15.502%, and the daily carbon emission of 12.16~12.18 is 
stabilized at about 13.5% after reduction. The trial operation data show that the power carbon emission monitoring 
designed in this paper can continuously monitor the changes of CO2 emission within the power system online. 

  

(a) Emissions of 2023.12.15    (b) Emissions of 2023.12.16 
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(c) Emissions of 2023.12.17    (d) Emissions of 2023.12.18 

Figure 3: The power system carbon emission monitoring operation test results 

III. Deep Reinforcement Learning-based Carbon Emission Prediction for Electricity 
III. A. Theoretical design and modeling 
III. A. 1) Modeling of Carbon Emission Calculations 
In the paper, based on the power system trend analysis, the carbon flow calculation of the system is carried out to 
characterize the carbon emission corresponding to each branch trend in the system. In the power system, the 
carbon flow starts from the power plant, enters the grid with the feed-in power of the power plant, follows the 
system trend in the grid, and finally flows into the consumer terminal on the user side. According to this flow, the 
calculation flow designed in the paper is shown in Fig. 4. 

Start

Define the grid 
calculation boundary

Calculate the power 
side emission factor

Related factors are introduced to calculate 
the emission factors comprehensively

Calculate the carbon emissions in the 
production process corresponding to the 

purchased electricity at the load side

Construct the calculation 
equation of carbon flow

End
 

Figure 4: Calculation process of carbon flow 

The calculation of carbon flow needs to take into account the influence of factors such as grid current, 
transmission loss and unit carbon emission intensity. Since the carbon flow will be transferred with the active 
current of the grid, the network loss to be borne by each user in the network should be traced according to the 
principle of proportional sharing in the prediction of the optimal current, and the calculation method is as follows: 

 d sP LP   (10) 

 dik ik skP L P   (11) 

where , n
d sP P R   are the network losses of the loads in the network and the output power of the generation 

nodes, respectively. L  is the coefficient distribution matrix, dikP  is the loss of the k th generation node at the i

th load node in the network, and ikL  is the corresponding coefficient, ,ik sk sL L P P  . 
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For a power supply network in the presence of 
iS
 generating units and n  load nodes, noting that 

dC
, is the 

carbon flow loss from the generating node to the load node, we have: 

 ( )
i

ds gk di
S

k
i kn

C P
 
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where gk  is the carbon emission intensity of the k th generation node. 

In the actual power supply process, the premise of optimizing carbon flow is to ensure the safe and smooth 
operation of the power grid. The optimization model for carbon flow prediction is established to ensure the voltage 
stability within the grid under the consideration of the grid current as follows: 

 1 1 2 2 1 2min( ( ) ( ) (1 ) )f x f x V N         (13) 

The variables in Eq. are defined as follows: 

1f  is the carbon flow loss component, 2f  is the active network loss component, V  is the voltage stability 

component, 1 2,   is the weight coefficient, [0,1], N  is the unequal constraint number that does not meet the 

condition, and x  is { , , , , , }G red c GLV V P c Q Q , GV  is the terminal voltage of the generator, LV  is the voltage of the 

load node, redP  is the active output of the balance node, c  is the transformation ratio of the on-load voltage 

regulating transformer, cQ  is the reactive power compensation capacity, and GQ  is the reactive power of the 

generator set. 
 

III. A. 2) Optimized prediction algorithm based on reinforcement learning 
An optimization model for carbon flow prediction in the framework of tidal computing with strong nonlinearity and 
uncertainty is given above, and a reinforcement learning algorithm is introduced to solve the problem [16]. 

Q-learning is a typical reinforcement learning algorithm. Remember S  is the set of states, A  is the set of 
actions, R  is the reward function, P  is the transfer probability, and its value function is Q , then: 

 ( , ) ( , , ) ( | , )(max ( , ))a A
s S

Q s a R s s a P s s a Q s a

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



    (14) 

where ( , )Q s a  denotes the value of Q  after the execution of action a  in s  state. Equation (14) describes the 

transfer process from s  to 's .   is the discount factor of the transfer process, this signal determines the 

influence of R , the larger the value of  , the smaller the influence of R . Introducing Eq. (14) into the 

qualification trajectory yields an iterative update equation for ( )Q  : 

 1( , ) ( , ) ( , )k k k kQ s a Q s a e s a    (15) 

Among them: 

 1 1( , , ) max ( , ) ( , )k k k k k k ka A
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k  is the number of iterations,   is the learning factor for reinforcement learning, ( , )ke s a  is the qualification 

trajectory, and ( )R   is the reward function at the k th iteration. During multiple rounds of ( )Q   iterations, the 

action with the highest Q  value is selected based on the greedy principle, denoted as ga : 

 arg max ( , )g a A ka Q s a  (17) 

The strategy when performing action selection is as follows: 
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 (18) 

The idea of multi-step payoff is introduced in Eq. (18), where ( )k
sP a  is the probability that a  is selected at k  

iterations of the s  state, and   is the updating factor of the probability. When the optimal function converges, 

the control strategy of the learning system will be obtained. 
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Fig. 5 shows the algorithm flow of the optimal carbon flow after the introduction of reinforcement learning in the 
framework of trend calculation. The ( )Q   learner obtains the value of the reward function during each iteration by 

multi-step iteration, and then combines with its own state s  to constantly update R , and finally obtains the 
optimal action a . 

 

Number of 
inequality constraints

Active power loss

Carbon flow loss

Power flow 
calculation

Carbon flow 
calculation

 
Result 

calculation
( )Q Reward function

State

Action

 

Figure 5: Carbon flow prediction model based on reinforcement learning 

III. B. Variational modal decomposition 
In order to further improve the prediction accuracy, this paper adopts a combined prediction model and next 
introduces a variational modal decomposition algorithm. 
 
III. B. 1) Variational modal decomposition 
The specific decomposition process of the VMD can be considered as the solution process of the variational 
problem, and the algorithm is mainly concerned with the construction of the variational problem as well as its 
solution. The variational problem can be constructed in the following way. 

The Hilbert transform is applied to the k th carbon emission modal component ( )ku t  to obtain the analyzed 

signal of each ( )ku t , whose one-sided spectrum can be calculated by the following equation: 

 ( ) ( )k

j
t u t

t



   

 (19) 

where: ( )t  is the shock function, k  is the original carbon emission signal composed of k  carbon emission 

modal components ( )ku t , and j  is the complex imaginary part. 

By multiplying Eq. (19) with the exponential term kj te   of the center frequency k  corresponding to each 

carbon emission modal component ( )ku t , the spectrum of each mode can be modulated to the corresponding 

fundamental band based on Eq. (20): 
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j
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The 2-parameters of the demodulated gradient are computed using Eq. (21) and the bandwidth of ( )ku t  is 
estimated: 
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where: f  is the original carbon emission complex signal. 

On this basis, the solution process of VMD mainly considers two constraints: the sum of the bandwidths of the 
center frequencies ( )ku t  of each carbon emission modal component ku  is minimized, and the modal sum of the 
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sum of k  carbon emission modal components ( )ku t  is equal to the original input carbon emission complex 

signal. 
In order to solve the objective function represented by Eq. (21), the quadratic penalty parameter   and the 

Lagrange multiplier operator   are induced into Eq. (22), and after the introduction of both of them, the 
augmented Lagrangian function can be shown by Eq. (22): 
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Then, the alternating direction multiplier algorithm is used to solve Eq. (22), and the optimal solution of the 
Lagrangian function is obtained based on Eqs. (23) to (25) by iteratively updating the carbon emission modal 
component 1n

ku
 , the center frequency 1n

k
 , and the multiplication operator 1n  : 
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where: ˆ ( )iu   is the expression of the modal component of carbon emission after converting from the time domain 

to the frequency domain based on the Fourier transform of ( )ku t , and ˆ ˆ( ), ( )f    , similarly,   is the noise 

tolerance, and changing the value of can reduce the effect of noise. 
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Figure 6: Carbon emission prediction process 

III. B. 2) Predictive modeling 
Based on the above modeling, this paper proposes a combined prediction model based on VMD and DL for 
predicting carbon emissions on the generation side. The prediction process of the combined model is shown in Fig. 
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6. The specific steps are as follows. 
Step1: Decompose the original carbon emission sequence by VMD to obtain a finite set of IMF components and 

a residual component 1r . 

Step2: Use DL to model each component after decomposition, accurately capture the trend of each IMF, and 
obtain the prediction results of each component. 

Step3: Reconstruct the prediction results of all components based on DL superposition to get the final predicted 
value of carbon emissions on the power generation side. 
III. C. Model Evaluation and Analysis 
In order to verify the accuracy of the VMD-DL prediction model constructed in the paper, the mean absolute error 
(MAE), the root mean square error (RMSE) and the mean absolute percentage error (MAPE) are selected as the 
evaluation indexes of the model. The calculation formula is as follows: 
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where iy  is the actual value of carbon emissions, ˆiy  is the predicted value of the model, and n  is the length of 

the series. 
 

III. C. 1) VMD decomposition results 
The original carbon emission data need to be decomposed by VMD before the model starts training, when the 
number of decomposed modes K=7, the center frequency of the rest of the modal components are very close to 
each other, at this time, the VMD is over-decomposed, therefore, after repeated experiments, the parameters of 
the VMD are set as follows: K=6, the penalty coefficient is 2000, and the stopping condition is 1×10-7.The results of 
the VMD decomposition are shown in Fig. 7, and the figure (a) shows the following trend component, which reflects 
the overall trend of carbon emission data changes, from the trend component, the overall trend of carbon emission 
data changes shows a cyclic pattern of first decline, then rise, then decline, and the carbon emission is the smallest 
when the sampling point is about 1200, which is 0.34 million tons. Figures (b)-(f) show the remaining random 
components, which produce very small prediction errors and have little effect on the prediction effect. 

 

Figure 7: VMD decomposition 

III. C. 2) Analysis of the forecasting results of the models 
Carbon emissions on the test set were predicted using LSTM, DL, VMD-DL and traditional time series ARIMA 
prediction models respectively, and the prediction results are shown in Fig. 8. Figure (a) shows the ARIMA 
prediction results, Figure (b) shows the DL prediction results, Figure (c) shows the LSTM prediction results, and 
Figure (d) shows the VMD-DL prediction results. From the figure, it can be seen that the VMD-DL model fits well, 
the overall performance is better than the LSTM and DL model, it can accurately and aptly describe the trend and 
fluctuation of the data, the hysteresis is significantly reduced, and the response to the future is more rapid, the 
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difference between the true value and the predicted value of the carbon emissions prediction is not large, and the 
mean value of the error is at -1.779×10-4 megatonnes, which is mainly due to the fact that the VMD is able to 
reduce the time sequence complexity and instability, solving the modal mixing problem of the empirical modal 
decomposition method, and obtaining the prediction strategy of optimal carbon flow through the DL model. 

  

(a) ARIMA        (b) DL 

  

(c) LSTM       (d) VMD-DL 

Figure 8: Model prediction results 

To further analyze the effectiveness of the combined VMD-DL prediction method, the ARIMA, LSTM, DL and 
VMD-DL models were used to predict the carbon emission data, respectively, and the RMSE, MAE and MAPE of 
the prediction results are shown in Figure 9. 

 

Figure 9: Prediction error of different models 

The VMD-DL short-term carbon emission prediction model has the highest prediction accuracy and the smallest 
model fitting error compared to the LSTM, DL and ARIMA models, and the RMSE, MAE and MAPE are 0.0051, 
0.0042 and 0.1012, respectively. And the RMSE, MAE and MAPE of the DL model are 0.0064, 0.0048 and 0.1045 
respectively. It can be seen that after adopting VMD decomposition, the RMSE, MAE and MAPE of the carbon 
emission prediction results decreased by 20.313%, 12.5% and 3.158% errors were significantly reduced 
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respectively. The short-term carbon emission prediction model based on VMD-DL can reduce the fluctuations in 
the carbon emission extrapolation fitting and further improve the prediction accuracy of short-term carbon 
emissions, which verifies the accuracy of the VMD-DL model in short-term carbon emission prediction. In summary 
the combined VMD-DL algorithm is able to capture the correlation information between trends more effectively and 
improve the accuracy of carbon emission time series forecasting. 
III. D. Analysis of application examples 
III. D. 1) Regional application scenarios 
The VMD-DL model can measure the total energy consumption at different time scales and then calculate the 
corresponding total carbon emissions, thus solving the problem of missing data on quarterly and monthly total 
energy consumption and total carbon emissions, and providing more timely and detailed data support for the 
formulation of relevant policies by various electric power-related departments under the dual-carbon target. The 
VMD-DL model is applied to measure and calibrate the total annual energy consumption of a province, and the 
data from 2008-2017 are selected to fit the model. Figure 10 shows the test of annual energy consumption 
measurement in a province, taking the statistical value of energy consumption in 2018 as a benchmark and setting 
it to 1. The minimum percentage error for the five-year period of 2018-2022 outside the sample is 0.005%, and the 
average absolute error is 0.01%. The measurement results show that the model error is small, and the measured 
value better fits the growth trend of total energy consumption in five years. 

 

Figure 10: The annual energy consumption measurement and inspection in a province 

The total energy consumption and carbon emissions and intensity of a province from the first quarter of 2018 to 
the second quarter of 2024 are shown in Figure 11. Energy consumption and carbon emission intensity refer to the 
total energy consumption and carbon emission per unit of GDP, respectively. The total energy consumption and 
carbon emissions show a fluctuating upward trend, and the total energy consumption in the second quarter of 2024 
is about 1.153 times that of the first quarter of 2018, and the carbon emissions in the same period are about 1.093 
times. The highest point of total energy consumption occurs in the fourth quarter of 2023 (1.175) is 1.19 times of 
the first quarter of 2018, and carbon emissions are 1.126 times in the same period. Comparatively, the energy 
consumption and carbon emission intensity fluctuates and decreases, with the energy consumption intensity in the 
second quarter of 2024 being about 75.2% of that in the first quarter of 2018, and the carbon emission intensity in 
the same period being about 71.679%. The lowest point of energy consumption intensity occurs in the fourth 
quarter of 2023, which is about 72.144% of the first quarter of 2018, and the carbon emission intensity is 68.848% 
in the same period. 
III. D. 2) Industry application scenarios 
Figure 12 shows the total carbon emissions and intensity of the electric power industry, the total carbon emissions 
of the electric power industry and the total energy consumption show the same fluctuation trend, the reason is that 
the electric power industry is one of the key high-energy-consuming industries, the carbon emissions mainly come 
from energy consumption, and there is a strong positive correlation between its energy consumption and carbon 
emissions data. It rises from 1,786.3 million tons in 2007 to 1,997.5 million tons at the peak in 2014 and then 
declines, with a measured value of 1,961.5 million tons in 2023, respectively.Carbon emission intensity shows a 
rapid downward trend from 2007 to 2023, declining from 2,526 tCO2/t in 2007 to 1,634 tCO2/t in 2023, with a 
decline of is about 35.313%. 
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Figure 11: Energy consumption, total carbon emission and intensity measurement 

 

Figure 12: The total amount and strength of carbon emissions in the electric power industry 

IV. Conclusion 
In this paper, based on the theoretical system of grid carbon emission based on the basic principle of carbon 
emission and the concept of trend, we constructed a carbon emission monitoring model of the grid and utilized the 
device to test the carbon emission data monitoring results. The carbon emission calculation model is constructed, 
and the reinforcement learning algorithm of Q-learning is introduced, combining the reinforcement learning model 
and the variational modal decomposition algorithm. The model is applied in two scenarios of region and industry to 
realize the monitoring and prediction of electric power carbon emissions. 

The carbon emission monitoring constructed in this paper is compared with the analyzer test, and the difference 
between the two monitoring carbon emissions ranges from -0.05 to 0.059. The results of the continuous carbon 
emission monitoring operation test show that the daily carbon emission of 12.15 is 15.502%, and the daily carbon 
emission of 12.16~12.18 is stabilized at about 13.5% after reduction, which shows that the power carbon emission 
monitoring designed in this paper can continuously monitor the changes of CO2 emissions within the power system 
online. 

The total carbon emissions and intensity of the electric power industry are predicted, carbon emissions mainly 
come from energy consumption, and there is a strong positive correlation between its energy consumption and 
carbon emissions data, and the measured value of carbon emissions intensity shows a decreasing trend from 
2.526tCO2/t in 2007 to 1.634tCO2/t in 2023, with a decrease of about 35.313%. 
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