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Abstract The trend of decarbonization of energy structure makes the low-carbon operation of the main grid 
network a key part of power system optimization. This paper takes the distribution grid under distributed power 
access as the research object, based on the theory of distribution grid structure and carbon emission flow. The 
carbon emission characteristics of distributed thermal power, wind power, gas, photovoltaic, and energy storage 
units are elaborated in turn, and the corresponding carbon emission mathematical model is established. Due to the 
uncertainty of renewable energy itself, the operation of the decarbonized power grid system has certain security 
risks. In order to predict the unexpected situation of the decarbonized grid system in advance to formulate the 
scheduling strategy, an interval prediction model based on gated recurrent neural network (GRU) is constructed. 
The model provides data support for the system's low-carbon operation strategy by providing uncertainty 
information of the grid system's contingency targets. The contingency situation is divided into two phases: the 
day-ahead and intraday phases, and the day-ahead phase utilizes the data information obtained from the 
prediction for intraday strategy generation. In the intraday phase, the corresponding adjustment method is used to 
optimize the scheduling according to the actual situation. The designed two-phase scheduling strategy reduces 
carbon emissions by 11.03% in the control variable scenario by adjusting the day-ahead phase, which has a 
significant reduction effect. 
 
Index Terms low carbon operation, gated recurrent neural network, two-phase scheduling, power system 

I. Introduction 
Excessive carbon emissions can lead to increasing global temperatures, triggering environmental problems such 
as melting of Arctic glaciers and rising sea levels [1], [2]. In order to alleviate various environmental problems 
caused by excessive carbon emissions, countries have taken effective measures one after another, while China 
has clearly proposed a "dual carbon" policy, striving to achieve "carbon peak" by 2030 and "carbon neutrality" by 
2060 [3]-[6]. Under the "dual carbon" policy, the power industry is one of the areas that needs to be strictly 
implemented, and from the perspective of technical means, the power industry is one of the areas with the most 
potential for carbon reduction, and its carbon reduction effect will be much higher than that of other industries 
[7]-[9]. 

The power grid is the main carrier of power transmission, but also an important entry point for energy saving and 
emission reduction in the power industry [10]. The grid itself not only has a huge potential for emission reduction, 
but is also an important link in the generation side to support the integration of clean energy into the grid and in the 
measurement of electricity consumption to guide users to save energy and reduce emissions [11], [12]. It is 
necessary to evaluate the current construction of low-carbon power grid through technical control means, 
prompting power grid enterprises to realize the optimization of low-carbon operation of the power grid, especially 
the main grid, according to their own level, and laying a foundation for the “dual-carbon” policy [13]-[15]. The 
low-carbon operation of power grids cannot be separated from the control and design of low-consumption power 
sources, low-consumption power grids, peak shifting and valley filling, and terminal emission reduction [16], [17]. 
Due to the complexity of grid decarbonization operation, through a reasonable assessment of grid decarbonization 
operation, it can help relevant units or personnel to control the existing grid decarbonization operation, and provide 
help for China's grid decarbonization operation design [18]-[21]. 

For the decarbonized operation of the main grid, this paper takes the active distribution grid system, which is 
mainly powered by new energy, as the research object. Based on the distribution network structure, the concepts 
and characteristics of distributed thermal power, wind power, gas, photovoltaic and energy storage units are 
explained in turn, and corresponding mathematical models are constructed. Then, an interval prediction model 
based on gated recurrent neural network is designed to address the security risks of grid system operation caused 
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by the uncertainty of new energy sources. After obtaining the data information of unexpected conditions during grid 
operation using this prediction model, a two-phase (day-ahead and intra-day) scheduling strategy is proposed to 
carry out the optimal scheduling strategy of the grid system. Finally, in order to verify the validity of the carbon 
emission model, prediction model, and optimal dispatch proposed in this paper, case analysis and evaluation of the 
corresponding contents are designed. 

II. Carbon emission modeling of distributed power sources in distribution networks 
For the traditional power system, the source of carbon emissions is mainly in the power generation process. In the 
new power system, in order to meet the regional demand for electricity, different types of distributed units are 
connected to the distribution grid, each with different carbon emission characteristics. Clarifying the carbon 
emission characteristics of each type of unit component is an important prerequisite for accurately accounting for 
the direct carbon emissions of each type of unit. 
 
II. A. Carbon emission modeling for thermal power units 
Thermal power units (TPUs) are one of the major sources of carbon emissions from the power system and an 
important component of the main grid power sources connected to the distribution grid. The carbon emission 
intensity of thermal power units is influenced by factors such as fuel type, temperature, and combustion method. 
The relationship between thermal power generation W  and coal consumption mC  can be obtained by 

regression analysis, using the operating data of thermal power units, as in equation (1): 

 2
2 1 0

mC a W a W a    (1) 

where: 1a , 2a  and 0a  are the coal consumption coefficients of thermal power units, which are derived from the 

regression analysis of their historical data according to various parameters and working conditions of the units. 

Substituting the operating power gP  and operating time t , the coal consumption of the unit in the corresponding 

power can be obtained, and the calculation formula is shown in Equation (2): 
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According to the unit coal consumption mc , the carbon emission intensity ge  of thermal power units can be 

calculated as equation (3): 

 2CO m
g

C

M
e c

M
  (3) 

where:   denotes the unit coal combustion carbon content rate.   is the coal carbon oxidation rate. 
2COM  

denotes the molar mass of 2CO . CM  denotes the molar mass of carbon. 

The direct carbon emissions of thermal power units are calculated as equation (4): 

 g g gF P e t   (4) 

II. B. Carbon emission modeling for wind and photovoltaic units 
For new energy sources such as wind and solar power generating units, they do not consume carbon-containing 
energy or produce carbon emissions during their operation, so their carbon emission intensity is usually regarded 
as 0 in the study, with Eqs. (5)-(6): 

 0WTe   (5) 

 0PVe   (6) 

where: WTe  and PVe  denote the carbon intensity and carbon emission of wind and light units, respectively. 
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II. C. Carbon emission modeling for gas-fired units 
Since the carbon emission intensity of gas units varies very little with power generation, in this paper, for gas units, 
the activity data and emission factors are established for the carbon sources and multiplied by the carbon emission 
assessment results, which are calculated as in equation (7): 

 
gas gas gas

gas gas gas

F AD E

AD NCV FC


 




 (7) 

where: gasF  represents the direct carbon emissions generated by the gas-fired unit. gasAD  is the heat 

generated by the gas in the combustion process. gasNCV  denotes the low level heat generation of the gas fuel. 

gasE  denotes the carbon intensity of the gas-fired unit. gasFC  denotes the net consumption of the gas unit. 

 
II. D. Carbon Emission Modeling for Energy Storage Units 
Energy storage devices as a special class of components in the distribution network have special charging and 
discharging characteristics, the essence of which is to store electrical energy in order to provide flexible power 
support when needed to meet the demands of the power system. In general, the energy storage device in the 
charging state can be regarded as a special load. An energy storage device in a discharged state is regarded as a 
special power source. According to the dependence property of carbon flow, the energy storage charging and 
discharging process is actually accompanied by the injection and outflow of carbon flow. When the energy storage 
is discharged, how to calculate the discharge carbon potential at this time not only depends on the discharge 
power at this time, but also related to the historical charging data and losses. Therefore, the carbon flow model of 
energy storage is a system with both dynamic and memory characteristics, and it is more appropriate to represent 
it in the form of differential or difference equations. Without considering the energy storage losses, the carbon 
emission of the energy storage device at time t  is modeled as follows: 

The carbon flow of the charging-discharging process is modeled as Eqs. (8)-(9): 
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where: ,cha tR  and ,dis tR  are the stored charging and discharging carbon flow rates at moment t , respectively. 
ESS

tF  is the carbon flow rate of storage at t  moment. 

The carbon emission characteristic of the energy storage device is equation (10): 
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where: ,dis te  and ,cha te  are the discharging and charging carbon potentials of the stored energy at moment t , 

respectively. The ESS
tW  is the remaining power stored at moment t . 

The estimation and monitoring of the state of charge (SOC) is one of the important functions of the energy 
storage battery management system, which has been widely used after years of development. It is assumed that, 

at the initial moment 0t  the energy storage device is transformed from the discharge state to the charge state, 

0W  and 0F  denote the internal power and carbon flow of the energy storage, respectively, and 0 maxW  denotes 

the upper limit of the energy storage. According to the definition of SOC as in equation (11): 

 0 0max/S W W  (11) 
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When the energy storage is used as a load, the carbon potential and power of the node it is accessed to jointly 
affect the electric-carbon characteristics of the energy storage, and if the efficiency of the energy storage is  , the 
amount of electricity stored in the energy storage and the carbon flow rate can be calculated as in Eqs. (12)-(13): 
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If the energy storage starts to discharge at t  moment, then ,ess tF  and ,ess tW  can be calculated as in Eqs. 

(14)-(15): 

 0
ESS

t chaF F F   (14) 

  0
ESS

t chaW W W   (15) 

The stored discharge carbon potential can be obtained by substituting Eqs. (14) and (15) into Eqs. 

III. GRU-based interval prediction model and optimal scheduling 
III. A. Gated recurrent neural network 
GRU can be regarded as a variant of LSTM, consisting only of update gates and reset gates, which is 
characterized by its simple structure and faster computation speed. The structure reduces the intermediate 
variables when training the model, accelerates the convergence speed of the model training and avoids training 
overfitting at the same time, and effectively improves the iteration and fitting speed on the basis of ensuring the 
prediction accuracy. The GRU structural unit is shown in Fig. 1. 

sigmoid sigmoid tanh
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Figure 1: GRU internal structural unit 

For a certain time step t , suppose the input is a small batch of samples n d
tX   , where n  is the number of 

samples, d  is the number of sample dimensions, and the hidden state at the moment 1t   is 1
n h

tH 
   , h  

is the number of hidden cells. The reset gate n h
tR    and the update gate n h

tZ    are computed as in Eqs. 

(16)-(17): 

  1t t xr t hr rR X W H W b     (16) 

  1t t xz t hz zZ X W H W b     (17) 
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where xrW , d h
xzW    and hrW , h h

hzW    is the weight parameter matrix, rb , 1 h
zb    is the deviation 

parameter matrix, and sigmoid is chosen as the activation function to map the input values to the interval  0,1  . 

The candidate hidden layer state n h
htH    at the moment t  is computed as in equation (18): 

   1tanhht t xh t t hh hH X W R H W b    (18) 

where d h
xhW    and h h

hhW    are the weight parameter matrices, 1 h
hb    is the deviation parameter 

matrix, and the  tanh  activation function is used to keep the values of the candidate hidden states in the 

interval  1,1 . From the above equation, it can be seen that the multiplication of the reset gate tR  by the 

elements of the hidden state 1tH   at the moment 1t   reduces the effect on the candidate hidden state htH . 

Finally, the hidden state tH  at time step t  is jointly determined by the hidden state 1tH   at time step 1t   

and the candidate hidden state htH  at time step t , and is controlled by the update gate tZ  controls its 

information flow as in Eq. (19): 

  1 1t t t t htH Z H Z H     (19) 

From Eq. (19), when updating the gate 1tZ  , all the information of the hidden state 1tH   of the previous time 

step is retained, and essentially the information of the input tX  is discarded, thus effectively skipping the time 

step t  in the dependency chain. Conversely, when 0tZ  , the information of the candidate hidden state htH  of 

time step t  will be largely retained. 
In summary, GRU and LSTM play the same role, and can effectively inhibit gradient vanishing or explosion when 

dealing with longer time series, and the computational complexity is smaller compared with LSTM, considering the 
computational ability of the hardware and the cost of time, this paper adopts the GRU model for interval prediction. 

 
III. B. GRU interval prediction model 
In this section, an interval prediction model is built based on GRU, which is mainly composed of an input layer, a 
hidden layer of GRU units, a fully-connected layer, and an output layer for obtaining upper and lower bounds, and 
its specific structure is shown in Fig. 2. 

GRU 
Unit 

GRU 
Unit 

GRU 
Unit 

GRU 
Unit 

Upper 

Bound 

Lower 

Bound 

Prediction 

Interval 

…

…

…

Hn

H1

H2

x1

x2

x3

xn

…

Data 

Input 

GRU 

Layer 

Feature 

Vector 

Fully Connected 

Layer  

Figure 2: GRU interval prediction structure 

where  1, , nx x x   is the input time series, n  is the length of the time series, ix  is the input value of the i

th time step, and iH  is the feature vector. 
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In this model, feature extraction of the input time series is first accomplished by the GRU layer, and then the 
features are further processed by the fully connected layer, and finally the upper and lower bounds of the prediction 
intervals are output. Specifically, for the GRU layer of the model, it is calculated by taking the value of a time step of 
the time series as the input of a GRU neuron, inputting it to the whole GRU layer in chronological order, and the 
output of the last GRU unit is the extracted feature vector. The fully connected layer, based on the extracted feature 
vectors of the GRU layer, synthesizes the extracted features through a neural network with multiple hidden layers, 
and finally the output of the upper and lower bounds of the prediction intervals is completed by the output layer 
containing two neurons. At the same time, this paper adopts the ReLU function as the activation function after the 
fully connected layer to effectively alleviate the problem of gradient disappearance and accelerate the convergence 
speed, whose formula is shown in Eq. (20): 

 
, 0

Re
0, 0

x x
LU

x


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 (20) 

III. C. Two-stage scheduling 
III. C. 1) Earlier stages 
An overall interaction environment is established by the mathematical model transformation above, and the 
day-ahead phase directly uses this overall interaction environment for training. In the day-ahead scheduling 
process, the reward for each step consists of two parts, which are the running cost and the transmission overrun 
penalty, and the day-ahead reward function is shown in equation (21): 

   , , , , 1 2
dh rew rew rew rew dh dh dh

t ES t ST t B t penal t overlineR C C C C penal        (21) 

During the training process, the intelligent body generates scheduling actions based on the given policy, the 
environment gives rewards based on the current actions, and the intelligent body goes to adjust the scheduling 
policy by optimizing the model parameters to get a bigger reward. When the rewards converge, the model output at 
this point serves as the optimal strategy for day-ahead scheduling. 

In this paper, the power exchange between the microgrid and the main grid is influenced by the total net output 
and load of the microgrid. The actual power exchanged between the microgrid and the main grid is calculated as 
equation (22): 

 , , , , , , ,
GtoL s w Bchange L

t a ex t g t s t w t b t a
g G s S w W b B

P P P P P P
   

         (22) 

where ,
GtoL

t gP  is the net output of thermal power unit g  at t  time step, and ,
Bchange

t bP  is the power change of 

energy storage device b  at t  time step. The process of day-ahead training is to learn from the historical power 
data to get the two-part parameter weights of the reward function and the day-ahead scheduling strategy, and then 
the predicted intraday load data and renewable energy data are inputted into the day-ahead scheduling strategy to 
get the specific intraday action schedule. However, due to the uncertainty of renewable energy sources and the 
volatility of loads cause the weights to fail within the day, which may result in wastage of energy or overrun of limits. 
Therefore, in order to minimize this situation, a second stage of adjustment is needed to obtain better scheduling 
strategies and scheduling actions by obtaining more accurate and relevant power data through advance prediction 
of intraday short time scales. 

The day-ahead stage uses the predicted intraday data for the generation of scheduling actions, and the 
appropriate weight parameters in the reward function are determined during the training process. 

 
III. C. 2) Intraday phase 
In this paper, we propose two methods to improve transmission power safety in the intraday scheduling phase. The 
first one is to use the transgressive penalty weight adjustment method to make the intelligent body's policy more 
concerned about the transmission power safety, and the second one is to include a more conservative safety limit 
constraint in the deep reinforcement learning environment and redesign the reward function for training according 
to this constraint. 

The out-of-limit penalty weight adjustment method needs to be implemented on top of the day-ahead scheduling. 
With the weights of the transgression penalty portion of the reward function obtained in the day-ahead phase, this 
weight allows the intelligent's strategy to produce a scheduling plan that does not transgress the limit on any date 
in the day-ahead phase. However, the uncertainty of renewable energy and load within the day may invalidate this 
weight, so a more effective weight for the overrun penalty needs to be chosen within the day. 
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Another approach subjects the intelligent's strategy to a tighter constraint by including a conservative safety limit 
constraint. The setting of this constraint is performed based on an existing empirical base. The set constraint limit 
and the original safety limit of the power transmission cross-section are used as a scheduling buffer region, and the 
conditional constraints of this buffer region are added to the deep reinforcement learning training environment for 
intraday scheduling, and the penalties for violating the constraints are added to the previously set reward function, 
so as to allow the intelligent body to generate its strategy with the consideration that it cannot make the active 
power on the power transmission cross-section exceed the set buffer region. 

In order to guide the learning direction of the intelligent body towards not exceeding the conservative safety limit, 
there is also an adjustment for the reward function in this phase, when the action generated by the intelligent body 
through the current policy will not cause the active power on the power transmission cross section to exceed the 
buffer region, the corresponding reward given by the environment is a negative reward, plus this negative reward 
reward function will be bigger overall through the negative sign processing, which will make the next step of update 
the policy network parameters in this direction. On the contrary, when the generated action causes the active 
power on the power transmission cross-section to exceed the buffer region, the environment gives the 
corresponding positive reward, which is added to the reward function, and the reward function becomes smaller 
and moves away from the learning direction, which affects the next update of the parameters. Through this 
“induction” method, the learning efficiency of the intelligent body is improved. The size of the reward given in the 
“induction” process is related to the range of the transmission power in the power transmission section, when the 
transmission power is below the safety margin limit the environment will give a large reward, when the transmission 
power is in the buffer zone the environment will give a small reward, and finally, when the transmission power 
exceeds the maximum safety limit the environment will give the “reward”. “rewards”, at which time the 
corresponding rewards will turn into penalties, reminding the intelligence that the current policy learning direction 
needs to be adjusted. The three cases are transmission power under the conservative safety limit, transmission 
power within the buffer region, and transmission power above the first stage safety limit. The corresponding 

over-limit penalty terms are 
1overlinepenal , 

2overlinepenal , and 
3overlinepenal , and the penalty terms are specifically 

defined in equations (23)-(25): 

  
1 , , , 1overline t transMax t a expenal P P      (23) 

  
2 , , , 2overline t transMax t a expenal P P      (24) 

  
3

2

, , ,overline t transMax t a expenal P P   (25) 

where   is the induced hyperparameter. 
The reward functions of the two optimization methods used during the day are shown in Eqs. (26)-(27), 

respectively: 

   ,1
, , , , 1 2
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h
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  ,2
, , , ,( )

i

id rew rew rew rew
t ES t ST t B t penal t overlineR C C C C penal       (27) 

IV. Testing of grid decarbonization models and optimal dispatch methods 
In this paper, a multi-group carbon emission model (grid decarbonization model) based on distributed power 
sources in distribution networks is constructed in the second chapter, and an optimal scheduling method (interval 
prediction model based on GRU and two-stage scheduling strategy) is designed in the third chapter to address the 
uncertainty of distributed power sources in distribution networks in terms of power generation. In order to verify the 
validity of the above models and methods, this chapter selects the grid system (IEEE 20-node standard system), 
which is mainly powered by new energy sources, as the experimental object, and successively develops the case 
analysis of the carbon emission model, the interval prediction model, and the application of the two-phase optimal 
scheduling strategy. 
 
IV. A. Example analysis of carbon emission modeling 
This section uses the IEEE20 node standard system as an example, the IEEE20 node system contains 7 
generating units, the basic trend in this section uses the standard trend given by the IEEE57 node system, 3 out of 
7 generating units carry out reactive power compensation, and their operational work will not emit carbon dioxide 
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directly, and the other 4 units that emit active power will produce carbon emissions, and need to set the carbon 
emission intensity coefficient. Meanwhile, in order to verify the impact of the carbon emission model proposed in 
this paper on the carbon flow of the whole network, two scenarios are set as follows: 

Scenario 1: The four generating units providing active power are all conventional fossil fuel generating units, and 
in combination with the handling of the units, it is set that the units at nodes 1 and 8 are 600MW units, the unit at 
node 12 is 500MW unit, and the unit at node 3 is 100MW unit. 

Scenario 2: Introduction of new energy units and conventional fossil fuel units with carbon capture devices. The 
units at nodes 1 and 12 are still conventional fossil-fueled generating units and have the same installed capacity as 
in Scenario 1. Node 3 is a wind turbine. Node 8 is a conventional fossil fuel unit with a carbon capture device 
installed, and the carbon capture rate is set to 0.5. 

After realizing the compound power current tracking, the data are brought into the interval prediction model, and 
the carbon emissions of each node under the two scenarios as well as the carbon emissions generated by the 
network losses can be obtained. The results of the carbon flow tracking of the IEEE20 node system are shown in 
Table 1. 

Table 1: IEEE 20-bus system carbon flow tracing result 

Node 
Case 1 Case 2 

Unit 1(t) Unit 3(t) Unit 8(t) Unit 1(t) Unit 3(t) Unit 8(t) Unit 12(t) 

1 48.2 9.3 8.1 0 14.8 20.8 38.9 

2 14.9 14.6 18.2 0 46.5 15.2 11 

3 4.2 11.4 1.1 0 43.5 49.2 15.8 

4 0 20.8 12.1 18.8 0 7.7 3.6 

5 0 37.6 6.3 50 0 0.3 43 

6 0 14.5 20.3 43.6 0 23.7 39.9 

7 0 35.8 37.9 3 0 42.9 3 

8 8.6 0 37.3 27.8 0 14.4 237.8 

9 18.2 0 28 14 0 19.9 43.7 

10 14.6 0 26 17.1 0 33.7 22.2 

11 5.9 0 10.3 27.3 4 0 45.7 

12 21.6 0 24 4.9 4.3 0 20.7 

13 44.1 0 7.5 19 27.2 0 27.9 

14 6.7 21.7 0 22.8 31.2 0 48.2 

15 29.6 42.8 0 22.9 22 0 29.3 

16 0.5 40.9 0 4.8 7.2 14.8 0 

17 33.7 17.3 0 16.8 35.1 28.3 0 

18 16.1 0.1 0 33.8 25.2 17.5 0 

19 48.5 29.2 0 43.9 21.9 47.8 0 

20 7.1 48.8 39.4 37.5 3.9 3 20.5 

 

 
Figure 3: IEEE 20-bus system carbon emission statistics on power supply side 

 
As can be seen from Table 1, the carbon emission information generated by 20 nodes of electricity consumption 

as well as network losses can be obtained by the GRU-based interval prediction model, and the carbon emission 
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share of each unit in the process of electricity transmission as well as the user-side node load can be obtained from 
the GRU-based interval prediction model. The statistics of carbon emissions from generation-side nodes under 
Scenario 1 are shown in Fig. 3, and the statistics of carbon emissions from user-side nodes are shown in Fig. 4. 

 

 

Figure 4: IEEE 20-bus system carbon emission on power consumer side 

From the statistical results, it can be seen that the use of GRU algorithm to measure carbon emissions only in 
the system to provide active output and power plant nodes have carbon emissions, the number of nodes in Case 1 
and Case 2 are 3 and 4, respectively, and the main body of the emission reduction work for the power plant. If from 
the principle of demand generates supply, the actual carbon emissions are actually generated by the consumption 
of electricity by the users of electricity, based on this principle of carbon emissions statistics, that is, the user-side 
carbon emissions measurement method. From the user-side metering method to get the node carbon emissions 
statistics can be seen, carbon emissions are more “uniform” dispersed in the system of each node, the size of the 
carbon emissions and the node load, the node for the power supply type of power related. 

By using the carbon emission model designed in this paper, it is possible to accurately calculate the distribution 
of carbon emissions at each node in the distribution network, which provides solid data support for the optimal 
scheduling strategy of low-carbon operation. 

 
IV. B. Analysis of optimized scheduling results 
In addition to controlling carbon emissions on the power generation side of the grid, it is also necessary to promote 
participation in energy saving and emission reduction on the user side, so as to jointly promote low-carbon 
operation in the form of “open-source and cut-flow”. In order to verify the effectiveness of the two-stage scheduling 
strategy proposed in this paper, the following four comparison scenarios are set up from the perspective of the 
power generation side (controlling carbon emission flow) and the user side (conducting carbon trading): 

Scenario 1: Carbon emission flow and carbon trading are not considered, and loads do not participate in the 
optimal scheduling of demand response. 

Scenario 2: Optimized scheduling without considering carbon emission flow, and users participate in carbon 
trading with price-based demand response. 

Scenario 3: Considering the limited nature of carbon emission flows, the user side participates in the optimal 
dispatch of carbon trading with low-carbon demand response. 

Scenario 4: Considering the carbon emission model proposed in this paper, the user side participates in the 
optimal scheduling of carbon trading with low carbon demand response. 

The changes of node 1, 3, 8, and 12 loads with the number of iterations in the IEEE20 node system are shown in 
Fig. 5. 

Observing Fig. 5, the change of load with the number of iterations is controlled by a two-stage scheduling 
strategy, which gradually narrows the interval range by updating the lower or upper bound in each selected 
generation until it is less than or equal to the convergence value. The convergence effect is better, and the 
oscillation in the iteration process is effectively avoided. The scheduling results in different scenarios are shown in 
Table 2. 
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Figure 5: The change of load of each node with the number of iterations 

Table 2: Optimized operation results of 4 scenarios 

 Scenario 1 Scenario 2 Scenario 3 Scenario 4 

Coal power unit (ten thousand yuan) 210.09 224.03 223.45 211.97 

Source side carbon transaction cost (ten thousand yuan) / / -23.83 -30.18 

User carbon transaction cost (ten thousand yuan) / / 235.28 214.4 

Demand response cost (ten thousand yuan) / 4.40 6.81 11.13 

Carbon emissions (t) 7874.12 7724.55 7332.43 6523.88 

Total system operation cost (ten thousand yuan) 223.26 214.97 212.49 194.66 

 
As can be seen from the above table, Scenario 1 has the largest total dispatch cost and its carbon emissions are 

the highest compared to the other scenarios. Scenario 2 considers user participation in price-based demand 
response compared to Scenario 1, which flattens peaks and valleys of electricity consumption to a certain extent, 
makes the generating unit output more uniform, and reduces the additional standby output of generating units for 
peak shifting, so the operating cost of Scenario 2 is reduced by 82,900 yuan, and the carbon emission is reduced 
by 149.57t. Scenario 3 and Scenario 4 consider carbon emission flow and low carbon demand response compared 
to the previous two scenarios, and allow customers to participate in the carbon market as well, so the customer 
loads significantly change their electricity consumption habits after receiving carbon signals from the generation 
side. Scenario 3 reduces carbon emissions by 5.09% compared to Scenario 2, and the reduced carbon emissions 
enable the generation side to gain in the carbon market and reduce the operation cost. Scenario 4 supported by 
the two-stage scheduling strategy has a further reduction in carbon emissions and operating costs, in which the 
carbon emissions are reduced by 11.03%, which is a significant decrease, indicating that the two-stage scheduling 
strategy designed in this paper has a significant benefit in carbon reduction. 

Further analysis of load changes before and after demand response for Scenario 4 is shown in Figure 6. 

 

Figure 6: Scenario 4 Load changes before and after the demand response 

Observing Figure 6, Scenario 4 shows a significant reduction in the peak-to-valley difference in electricity 
consumption before and after demand response. Adjustment within the adjustable range of user loads allows users 
to actively regulate their electricity consumption by knowing in advance the level of carbon emissions from their 
own electricity consumption behavior, transferring loads at moments of high carbon emissions through 
multi-timeshift load shifting, and cutting the load demand in the two peak hours of electricity consumption from 
10-15 and 17-22, which greatly reduces the carbon emissions of the system and improves the economy of the 
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system. This greatly reduces the carbon emissions of the system and improves the economy of the system at the 
same time. 

 
IV. C. Application of a two-stage strategy based on scenery uncertainty 
IV. C. 1) Analysis of optimization results in different modes 
Due to the unpredictability of wind and solar power generation, this section analyzes a typical scenario combination 
of wind and PV output by simulating the uncertainty of wind and solar output. 

In order to verify the impact of considering wind and solar uncertainty on the low carbon and economic aspects 
of RIES, this paper sets up 2 scenario models for comparative analysis, and the model settings are as follows. 

Mode 1: Wind-scenery uncertainty mode without tracking carbon trading. 
Mode 2: Tracking carbon trading based on two-stage scheduling strategy under wind-scenery uncertainty mode. 
The results of electric power operation under the two modes are shown in Fig. 7, and the selected indicators are 

(T1) electric load, (T2) HFC, (T3) CHP, (T4) wind power, (T5) PV power generation, (T6) power purchasing, (T7) 
electric storage discharging, (T8) carbon capture, (T9) EL, (T10) electric storage charging and (T11) EB. 

 
 

(a) Mode 1 (b) Mode 2 

Figure 7: Results of electric power operation in two modes 

As can be seen from Figure 7, 8:00-12:00 and 16:00-21:00 are the peak hours of unit output in a day, 
respectively, with output averaging over 1255kW, mainly wind turbines undertaking the main power generation 
tasks. At 12:00-16:00 is relatively low, and this is the process of the sunlight from direct to oblique in a day, this 
section is the highest temperature of the sunlight in a day, human activities are frequent, and the power 
consumption is the largest, comparing (a) and (b) Fig. Due to the joining of the two-phase scheduling strategy, the 
system's wind and light output is increased, and the excess electric power is converted by the EBs into thermal 
power for people's use. 

 
IV. C. 2) Comparative analysis of optimization results 
Since the integrated operating cost of the grid system decreases due to the consideration of the uncertainty of the 
scenery, the economic operating parameters in both models are shown in Table 3. 

Table 3: Operation parameters of power system 

Parameter 
Parameter values 

Mode 1 Mode 2 

Running cost(yuan) 3856.9 6083.42 

Cost of purchasing power(yuan) 11258.37 9826.26 

Wind and light abandonment cost(yuan) 3167.48 2849.83 

Carbon transaction cost(yuan) - - 

Carbon emissions(kg) 13673.9 11479.53 

Curtailment rate (%) 35.29 16.96 

Light rejection rate (%) 1.84 0.90 

Total operating cost(yuan) 18280.76 18759.49 
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Mode 2 incorporates a two-phase scheduling strategy based on Mode 1, taking into account the uncertainty of 
the scenery. Although the comprehensive operating cost of the system increased by 2227.51 yuan, a series of 
positive changes occurred. Among them, the wind abandonment rate and the light abandonment rate were 
reduced by 18.33% and 0.94% respectively, which means that the system utilizes the wind and light energy more 
effectively and reduces the waste of energy. Meanwhile, the carbon emission is reduced by 2194.37kg, which 
further reduces the impact of the system on the environment. Overall, the inclusion of a two-stage strategy before 
and after considering uncertainty is able to reduce the overall operating cost of the system and respond positively 
to the decarbonization operation strategy. 

V. Conclusion 
In this paper, we take new energy power as the main power generator of the power grid system, and design 
corresponding carbon emission mathematical models based on different types of energy power as the method of 
decarbonization of power grid operation. At the same time, considering the uncertainty of new energy sources, the 
GRU-based interval prediction model is designed to obtain unexpected data information, and a two-stage 
scheduling strategy is proposed to optimize the operation of the grid system and implement the decarbonization 
operation strategy. 

The designed multi-group carbon emission mathematical model is able to cooperate with the GRU-based 
interval prediction model to accurately calculate the carbon emission of each node in the distribution network, 
which provides effective data information for the optimization of the grid scheduling. The proposed two-phase 
scheduling strategy not only achieves a carbon reduction of 11.03% in the carbon emission control scheduling for 
the generation side and the user side. The proposed two-stage scheduling strategy not only reduces the carbon 
emission control scheduling for the generation side and the user side by 11.03%, but also reduces the wind 
abandonment rate and the light abandonment rate of the grid system by 18.33% and 0.94%, respectively, and 
reduces the carbon emissions by 2,194.37 kg. With the support of the deep learning neural network algorithm of 
the GRU, this paper explores the decarbonized operation method of the grid from the generation side to the user 
side with the carbon emission model, the prediction model, and the two-phase scheduling strategy, with both 
decarbonization benefits and user-side benefits. That combines both decarbonization benefits and stability. 
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