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Abstract: Green power consumption has become a key challenge in the energy
transition. Existing research struggles to capture complex relationships between
the spatio-temporal dynamics of the power system and policy interventions. To
this end, this paper first designs a power load forecasting model based on
spatio-temporal graph convolutional networks. The model dynamically adjusts
the graph structure according to users’ electricity consumption patterns and
introduces a weighted skip connection mechanism, assigning different weights
to connections at different time steps. Then, a mathematical model for optimal
combinations of power consumption policies is established. Through deep
reinforcement learning algorithms interacting with the environment, it solves
for the optimal combination of power consumption policies that minimise
economic and carbon emission costs. Experimental outcome demonstrates that
the proposed method achieves a green power consumption rate of 97.16%,
outperforming comparison methods, thus helping to promote efficient green
power consumption.
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1 Introduction

Green power consumption has become a core issue in achieving the dual-carbon goals
and promoting energy sustainability (Khalil and Sheikh, 2024). The intermittent and
fluctuating characteristics of renewable energy sources such as wind and solar power are
increasingly conflicting with the requirements for safe and stable operation of power
systems, leading to frequent curtailment of wind and solar power, which seriously hinders
the large-scale application of green energy (Rashid, 2024). Under this context,
scientifically formulating and optimising green power consumption policies has become a
key aspect in balancing energy structure adjustment with the economy and reliability of
the power system (Constantinou et al., 2022). Traditional policy evaluation methods often
rely on experience-based models or static data analysis, making it difficult to accurately
capture the spatio-temporal dynamic characteristics in power systems (Press and
Arnould, 2009). For example, the time-delay effects of regional power transmission, the
spatio-temporal differences in load demand distribution, and the complex interactions of
random fluctuations in renewable energy output. These factors make it challenging for
policymakers to predict the implementation effects of different policy combinations,
potentially leading to resource misallocation or failure to fully realise policy benefits
(Lu and Park, 2022). How to achieve dynamic simulation of key indicators of green
power under different policy scenarios, ensuring the safe, efficient, and low-carbon
operation of power systems, is a topic of significant practical value (Vakili et al., 2021).

In the field of simulation and evaluation of green power consumption policies, most
studies first predict user electricity loads, and then establish an economic dispatch
optimisation model of the power system based on the prediction results to obtain the
optimal policy combination, thereby achieving the optimal system operation. Traditional
methods are based on statistical research approaches. Chodakowska et al. (2021)
established an autoregressive integrated moving average (ARIMA) model (Nepal et al.,
2020), analysed the advantages and disadvantages of the ARIMA model in power load
forecasting tasks, and used the forecasting results as constraints for low-carbon operation
of the power system, obtaining the optimal policy combination results through genetic
algorithm (GA). Parvin et al. (2023) used non-parametric regression techniques for
electricity load forecasting, achieving probabilistic interval prediction objectives, and
used electricity loads, carbon emissions, and so on as constraints, solving the objective
function of the green power system through particle swarm optimisation algorithms.
However, load curves are nonlinear, so traditional methods cannot perform the prediction
tasks well. Machine learning methods excavate deep information from massive data,
break through the limitations of existing physical knowledge, treat the power system as a
‘black box’ to fit the input-output relationship, and thus achieve forecasting. Wen et al.
(2019) established an electricity load forecasting model based on decision trees and
proposed an economic dispatch model that incorporates different policy combinations
based on robust optimisation techniques, solving it through an improved GA algorithm.
Uwimana et al. (2023) used support vector machines to forecast the load of the power
.system and constructed an economic dispatch model to address the uncertainty in net
load caused by the randomness of wind power by introducing a flexible generation
reallocation mechanism.

Deep learning-based load forecasting methods automatically extract deep features
through neural network models, thereby improving prediction efficiency. Traditional
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methods for feature extraction often require manual design and selection of features
based on domain knowledge and experience. This process is not only time-consuming
and labour-intensive but also relies on the subjective judgement of experts, potentially
failing to comprehensively capture key information within the data. Deep learning
methods can automatically learn and extract deep-level features from raw data without
the need for manual feature design, thereby improving evaluation efficiency. Wen et al.
(2019) selected electrical quantities, performed feature extraction of the power system
through auto-encoding, and then input them into a convolutional neural network for load
forecasting. By combining the forecasting results, a multi-objective optimisation function
for power system scheduling was established, thereby increasing policy accommodation
rates. Tang et al. (2022) used convolutional neural network (CNN) to extract
characteristics from input variables and then employed a bidirectional gated recurrent
unit (BiGRU) to further extract spatial information from power load data. The attention
mechanism was used to adjust the weights of the feature data, thereby enhancing the
model’s generalisation ability and robustness. Zhou et al. (2023) used a recurrent neural
network to forecast the load conditions in the power system and employed a
reinforcement learning (RL) algorithm to obtain optimal policy combinations for power
system scheduling. The model inputs were Euclidean structured data, without considering
the impact of system topology. To address more complex non-Euclidean structured data,
graph neural network (GNN) focus on the relationships between nodes, incorporating the
topological structure information of graphs into the study. In the power system,
generators and substation buses are considered as nodes, and transmission lines are
considered as connections between nodes, which well align with the characteristics of
graphs. Chen et al. (2023) used a graph convolutional network (GCN) to extract and learn
the regional adjacency dependencies of power load data, while using a GRU to extract
temporal features of the power load data, and modelled policies and power scheduling
optimisation with an RL algorithm, thus reducing system operation costs. Solheim et al.
(2024) used graph attention neural networks (GAT) for evaluation. Although temporal
correlations of the data were considered, the system optimisation efficiency was not high
since the adopted model lacked spatiotemporal characteristics. Chen et al. (2024)
combined GCN with long short-term memory (LSTM) and used the Spearman rank
correlation coefficient (Ali Abd, 2022) to analyse the correlation between load and
meteorological factors, taking into account the extraction of spatial characteristics of
power data, and solved the optimal policy combinations for power scheduling using a
genetic algorithm, thereby improving system operational efficiency.

From the analysis of existing studies, the current methods have not adequately
considered the impacts between users in different geographical areas, making it difficult
to effectively extract the spatiotemporal correlations in power data. Therefore, this paper
proposes a green power consumption policy simulation and evaluation method driven by
spatiotemporal GCN. First, a power load forecasting model based on spatiotemporal
GCN is designed. The graph structure is dynamically adjusted according to user power
consumption patterns to more accurately reflect the spatial correlations between users in
different geographical areas. Second, a weighted skip connection mechanism is designed.
Connections at different time steps are assigned different weights based on the
importance of different time scales in the time series, which helps alleviate the issues of
gradient disappearance and gradient explosion in power load forecasting. On this basis, a
mathematical model for the optimisation of power consumption policy combinations is
established, with constraints such as power load and power generation output. The target
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function and constraints in the optimisation model are converted into a reward function in
deep reinforcement learning (DRL). The environment, its state space, and action space
are designed. The interaction with the environment is used to solve for the optimal power
consumption policy combinations that minimise economic costs and carbon emissions.
Experimental outcome indicates that the green power consumption rate of the suggested
method is 97.16%, an improvement of at least 4.34% compared to baseline methods. This
is beneficial for promoting a green and low-carbon energy transition and achieving
sustainable growth in the power system and socio-economy.

2 Relevant technologies

2.1 Graph convolutional network

GCN is a deep learning model commonly used for processing irregularly structured data.
This type of data is typically non-Euclidean space data, where nodes can be connected in
any way through edges, forming complex spatial relationships. Through graph
convolution operations, GCN can effectively process the relationships between each node
and its neighbours, thereby better extracting the structural features of non-regular spatial
data (Wang et al., 2021). GCN and GAT both belong to GNN models. For large-scale
graph data, such as power grids, or tasks with high real-time requirements, the
lightweight nature of GCN makes its training and inference speeds significantly better
than those of GAT. GCN implements graph convolution through eigen decomposition of
the Laplacian matrix or Chebyshev polynomial approximation. Its computational
complexity mainly depends on matrix multiplication, and it does not require additional
parameters for learning adjacency weights. GAT, on the other hand, must calculate
attention coefficients for each edge, resulting in computational complexity that increases
quadratically with the number of nodes and requiring maintenance of an attention weight
matrix, thus occupying more memory.

GCN uses the graph’s topology to influence feature propagation. In traditional CNNss,
convolution operations are performed only within fixed-size local neighbourhoods,
whereas the number of neighbours of nodes in graph data may vary (Bhatti et al., 2023).
Therefore, GCNs first normalise the adjacency matrix and then perform convolution
operations to extract the connection relationships between nodes and their neighbours, as
shown in equation (1).

H =6(D 2 AD HW) (1)

where H is the input feature matrix, H' is the output feature matrix, A is the

symmetrically normalised adjacency matrix, D is the diagonal matrix of the degree
matrix, W is the weight matrix, and J(-)is the activation function.

2.2 Deep reinforcement learning algorithm

RL aims to learn an optimal decision-making policy through interaction with the
environment to maximise future cumulative rewards (Zhai et al., 2023). Traditional RL
uses tables of value functions to store action-value information but shows significant
limitations when dealing with complex Markov decision processes (MDP) (Ororbia and
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Warn, 2022). DRL approximates value functions and optimises the decision-making
process using deep neural networks, aiming to significantly enhance task-processing
capabilities in complex environments. Traditional RL algorithms typically employ lookup
tables or simple linear function approximators to store and compute state-action value
functions. For linear function approximators, manually designed features are required to
represent states, and the quality of these features significantly impacts algorithm
performance. Moreover, linear function approximators can only capture linear
relationships between state features, making it difficult to handle complex nonlinear
relationships. DRL algorithms utilise deep neural networks as function approximators.
Deep neural networks possess powerful automatic feature extraction capabilities,
enabling them to autonomously learn meaningful feature representations from raw
high-dimensional data. Their nonlinear activation functions allow approximation of
complex nonlinear functions, thereby better representing state-action value functions.
This enables deep reinforcement learning algorithms to handle more complex
environments and tasks, performing exceptionally well on problems with large or
continuous state and action spaces.

The training process of DRL follows a state-action interaction mechanism. At each
time step, the agent selects an action a based on the current observed state s, forming the
mapping relationship from state to action. This transition mechanism constitutes the
policy =z, as shown in equation (2), with the corresponding probability distribution as in
equation (3). Here, A4, is the full action sequence at time ¢, S; is the full state sequence at
time ¢, and p is the probability distribution function.

a=mn(s) (2)
7r(a|s)=p[A,=a|St=s] (3)

Throughout the process, the agent combines its previous exploration experience and
keeps trying actions to explore, with the ultimate goal of finding an optimal policy to
obtain as much cumulative reward as possible. The computation equation is as follows:

G =Ru+AR i +...= z/lkRHkﬂ (4)
k=0

where G; is the cumulative reward over the entire training episode, R; is the reward
obtained at state #, 4 is the discount factor, a positive number less than 1, reflecting the
decaying effect of long-term rewards.

The theoretical core of DRL lies in constructing a nonlinear mapping relationship
between high-dimensional state spaces and action policies through deep neural networks,
driving the autonomous evolution of intelligent policies (Demirel et al., 2018). Its essence
is to build a closed-loop learning system through dynamic interaction between the agent
and the environment: by coordinating the optimisation mechanism of value function
approximation and policy gradients, it improves the accuracy of value estimation through
policy iteration, while using feedback from the value network to correct the direction of
policy updates, ultimately converging to a globally optimal decision-making paradigm.
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3 Power load prediction based on spatio-temporal graph convolutional
network

3.1 Model overview

It can be inferred from the above analysis that power load forecasting is the basis for the
optimal scheduling of a combined green power consumption policy. However, existing
forecasting models have failed to fully consider the interactions between users in
different geographic regions, making it difficult to effectively extract the spatial
correlations in power data. In addition, existing models frequently encounter gradient
vanishing or gradient exploding problems over longer time spans, thereby reducing the
sensitivity of the model to features at different time scales. Therefore, this article puts
forward a power load forecasting model in light of spatiotemporal GCNs to improve
prediction accuracy for power load forecasting. The model structure is shown in Figure 1.
The model constructs an adjacency matrix to represent the interdependency relationships
between user nodes in different geographic regions, which helps to enhance the model’s
accuracy and generalisation ability. At the same time, through a weighted skip connection
mechanism, the model can effectively transmit gradients over a longer time span, thus
alleviating the gradient vanishing or gradient exploding problems.

Figure 1 The model structure of the suggested power load forecasting model (see online version
for colours)
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1 Geospatial-aware graph learning module: this module learns the graph structure in a
data-driven manner while increasing the weight of geographic region information
during the learning process, using geographic region information and electricity
consumption patterns to learn the graph’s adjacency matrix. The module first
initialises an original feature matrix used to represent the latent features of different
users. Then, using the spatial location matrix and electricity consumption pattern
data, it transforms into a weight matrix via a Gaussian kernel function to learn an
adaptive adjacency matrix that reflects the interdependency relationships between
user nodes in different geographic regions. By introducing learnable parameters, the
adjacency matrix can adaptively adjust weights to more accurately reflect the
relationships between user nodes.

2 Graph convolution and skip connection module: this module aggregates information
from each user node and its neighbouring nodes through graph convolution
operations, using the learned adjacency matrix to guide the flow of feature
information. At the same time, a weighted skip connection mechanism is introduced,
enabling information to traverse multiple layers in the network to capture long-range
dependencies, thereby enhancing the model’s ability to integrate spatial and temporal
information.

3 Temporal feature extraction module: this module is adopted to capture the time
series characteristics of electricity data. Using time series decomposition methods,
the time series is decomposed into trend, seasonal, and residual components to help
the model better understand and interpret the components of the time series. The
sliding window technique is utilised to divide the time series data into multiple time
windows, followed by the analysis of features at different time scales.

3.2 Geospatial perception map learning

First, initialise an original characteristic matrix X, where N is the number of nodes and F
is the number of features per node. Simultaneously, establish a spatial location matrix D,
used to represent the positional relationship between user nodes in different geographic
areas, where Dj; is the geographic distance between node i and node ;, and the spatial
location matrix is transformed into a weight matrix using a Gaussian kernel function. An
adjacency matrix is learned through the original feature matrix and spatial location matrix
to represent the relationship between user nodes in different geographic areas. At the
same time, by introducing learnable parameters, the adjacency matrix can adaptively
adjust weights to more accurately reflect the relationship between user nodes, as shown in
equations (5)—(8).

D?
Wy =exp (—ﬁj (%)
Z=[X,aW] 6)

A = softmax(ZZ™ + W) (7
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softmax (z;) = ——— ®)

where W is the spatial position weight matrix between user nodes in different geographic
areas, W is the spatial position weight between node i and node j, ¢ is the
hyperparameter controlling the degree of distance influence, Z is the node feature matrix
obtained by combining X and W, used to initially integrate geographic spatial features, o
and S are hyperparameters, A’ is the adjacency matrix obtained through graph learning,
and softmanx is the linear activation function.

3.3 Graph convolution and skip connections

To effectively alleviate the gradient vanishing or gradient exploding problem during the
propagation process, this paper designs weighted skip connections for information
propagation, combining the output of each layer with the features of all previous layers in
a weighted manner, thereby effectively alleviating the gradient vanishing problem during
the propagation process, as shown in equation (9).

K !
Howy =o| Y A Ha Wi +ZO‘<1J)HU)] ©)

k=0 Jj=0

where K is the propagation depth, H-1) is the characteristic matrix of the (/ + 1) layer

node, A is the normalised adjacency matrix, W, is the trainable weight matrix of the /®
layer and k™ order, Hy; is the feature matrix of the jt layer nodes, ¢ is the trainable
weight parameter of the /" layer for the j® layer feature, and o is the activation function.

3.4 Time series feature extraction and prediction result output

First, sliding window technology is used to divide the time series data into multiple
windows. Assuming the window size is w and the step size is S. For each window, the
output of the graph convolution Hg:1y is a three-dimensional tensor, where w is the
window size and £ is the number of features. Subsequently, time series decomposition is
performed on the graph convolution output of each window to obtain the trend
component, seasonal component, and residual component, as shown in equation (10),

where S;,,,, is the trend component of the i window, Sj,,,, is the seasonal component of

the i window, and R;,,, is the residual component of the i window.

i(1+1)

H;

vy — diga +5

i(1+1)

+ Rig) (10)

For each decomposed component, a temporal convolutional network (TCN) (Wan et al.,
2019) is used to extract temporal features, as shown in equations (11)—(13).

TTCN(H” = TCN(E/-H)) (1 1)
STCN(/H) = TCN(S(H-I)) (12)

RTCN(M) = TCN(R(/+1)) (13)
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The trend component, seasonal component, and residual component after TCN
processing are weighted and merged to gain the final feature matrix, as shown in equation
(14), where Yyend, Pscasonal aNd Presiauar are trainable weight parameters used to adjust the
impact weights of the trend component, seasonal component, and residual component.

H(l+2) = ytrend TTCN 41 + yseasonal STCN 141 + yresidual RTCN 141 (14)
(1+1) (1+1) (1+1)

Finally, the temporal features containing spatial features are input into a fully connected
network to obtain the final load forecasting results.

4 Optimisation of green power consumption policies based on deep
reinforcement learning algorithms

4.1 Optimisation model for green power consumption policy combination

Electric load forecasting is a crucial foundation for the operation and planning of power
systems. Accurate load forecasting can offer strong support for power scheduling and
resource allocation, thereby influencing the consumption of green power. Green power
consumption policies consist of a series of policy measures formulated to promote the
effective utilisation of green power, including feed-in tariff policies, subsidy policies,
quota-based policies, and green certificate trading policies.

The green power consumption policy portfolio optimisation problem is generally
modelled as a non-convex optimisation problem with highly nonlinear constraints. The
typical optimisation objectives are lowest generation cost and lowest carbon emissions.
This article’s optimisation objective is to determine the green power consumption policy
portfolio that minimises the total generation cost and carbon emissions. Assuming that
based on the electric load forecasting results, the grid G is equipped with N buses, M
branches, and K generating units, its optimisation objective function is shown in
equation (15).

K J
min & Z(ak (PkG)Z-FkakG-FCk)'Fﬁij (1_)/',[_Pj,t) (15)
k=1 Jj=1

where P is the output of generator &, ax, bi and ¢ are the operating cost coefficients of
this generating unit, I_’j,, is the maximum generation capacity prediction value, P;, is the
actual consumption power, and £; is the cost corresponding to unit carbon emissions.

The constraints for green power consumption policy portfolio optimisation can be
divided into four categories: load constraints, nodal voltage constraints, line transmission
capacity constraints, and generator output constraints. Load constraints mainly refer to
load spatiotemporal characteristics constraints, that is, the objective function should
satisfy y; < J;, where y, is the current electric load, and J, is the forecasted electric load.

Nodal voltage constraints are shown in equation (16), ensuring the node voltage stays
within the voltage control standard range, where V; is the voltage magnitude of node i,
and V™" and V™ are its allowable upper and lower voltage magnitude limits,

respectively.
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Vimin < Vz < Vimax (16)

Line transmission power constraints are shown in equation (17), ensuring the power on
the line remains within the rated power, where P? is the active power transmitted on line

J,and P]-B M3 s the line rating power.
P]_B SP]_B,max (17)

Generator output constraints ensure the active and reactive power output of the generator
remains within allowable ranges. As shown in equation (18), it is divided into active
power output upper and lower bounds constraints and reactive power output upper and
lower bounds constraints, where B¢ and QF are the active and reactive power output of

generator k, PC™" and QF"™" are the minimum active and reactive power output of

generator k, and P™ and QF™ are its maximum active and reactive power outputs,
respectively.

PG,min < PG < PG,maX
{ k k k (18)

QkG,min < QkG < QkG,max

4.2 Model solving based on deep reinforcement learning algorithms

After establishing the mathematical model, this paper solves for the optimal combination
of green power consumption policies by interacting with the environment using DRL
algorithms. Since this paper defines the optimal combination of green power
consumption policies as a single-step MDP, there is only one step of calculation per
episode in the DRL training. Figure 2 is the flowchart of the simulation-based offline
training environment for the optimisation problem proposed in this paper, divided mainly
into three parts.

1  Initialisation of random optimisation case: randomising the topology structure of a
source scenario using the N — 1 method, i.e., randomly removing one branch. Based
on this, taking the active and reactive power loads and line impedance in the source
scenario as benchmarks, allowing them to vary randomly within a certain range to
generate the policy combination optimisation case with uncertain topology structure
and load, i.e., generate random state s°.

2 Agent interacting with the environment: extract the node feature matrix H, edge
feature matrix E, and node adjacency matrix 4 from the generated green power
consumption policy combination optimisation cases, input them to the DRL agent to
map to the action output a, and transform it into power generation unit output
decision instructions. Update the green power consumption policy combination
based on the decision instructions, i.e., update the state to s'.
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3 Calculate rewards and update the agent: calculate the updated optimisation policy. If
the calculation diverges, return a large negative value as the non-convergence
penalty #P. If the power flow converges, calculate the degree of violation of all
system indicators under convergence, and provide the reward under convergence
based on the reward function r€.

Figure 2 Flowchart of the proposed optimisation problem simulation offline training
environment (see online version for colours)
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DRL evaluates the performance of the model through a reward function and uses it as a
basis for optimising parameters in the agent. However, unlike the constraints in
optimisation problems that are typically enforced rigidly, the reward function in DRL is
generally used to impose constraints on the strategies proposed by the agent either by
imposing high penalties or by transforming some constraints into rules within the
simulation environment. The total reward calculation is shown in equation (19).

r=8Sxr¢+(1-S)xr? (19)

In this binary, variable S represents whether the model converges. If it converges, S = 1;
otherwise, S = 0. r is the total reward returned by the environment, #° is the reward in the
non-convergent case, where this paper directly provides a large negative value as a
penalty, i.e., a negative reward, € is the reward in the model convergence case, and the
specific calculation method is as follows.

For the objective function of the green power consumption policy combination
optimisation, the reward function is shown in equation (20), where RC is the total reward
for generator power generation cost, which is scaled to be between (-1, 0), PC is the

power output of generator k, PS™ is its active power output upper limit, ax, bx and cx
are its operation cost coefficients.

Zilak (PkG )2 +kakG + ¢

K o \2 ;
zk_lak (PkG,mdx) +bk})kG,mdx +ck

RC =—

(20)

Regarding the node voltage constraints, the voltage at each node is also produced by the
power flow calculation, thus there is also a risk of voltage magnitude exceeding the limit.
Therefore, this paper converts the node voltage magnitude upper and lower limit
constraints into the reward functions shown in equations (21) and (22).

Vi _Vimax’ Vz > I/imax
},;_V — O, Vimin < V; < Vl_max (21)
Vlmin —V;, Vz < V;min

N
2.
izl
N

R =exp -1 (22)
where RY is the total reward for node voltage violation, which is scaled to be between
(-1, 0), ¥ is the voltage violation constraint reward for node i, N is the total amount of
nodes in the power flow optimisation case, V; is the voltage magnitude of node i, and
ymax and V™ are its voltage magnitude upper and lower bounds, respectively.
Regarding the line power transmission constraints, the power flow of each branch is
assigned by the power flow calculation, so there is also a risk of line power transmission
exceeding the limit. Therefore, this paper converts the line transmission capacity
constraint in equation (17) into the reward functions shown in equations (23) and (24).
Among them, R5 is the total reward for line power transmission limit violation, which is
scaled to be between (-1, 0); r/ is the line power constraint reward obtained by line j,
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PP is the active power transmitted on line /, P,—B M3 s its rated transmission power, and

M is the number of policy combinations in the power flow optimisation method.

B, max B,max
r‘*:{%B_led’ o2 o (23)
J B
0, PjB SP/Bmax
MrB
i1 J
R? =exp —’T_l -1 (24)

Regarding the generator power output constraints, since this paper calculates the
non-swing generator power outputs through equation (18), it can be considered as
forcibly satisfying its active power upper and lower bound constraints. However, the
swing generator output is determined by the power flow calculation, and its value
depends on the power imbalance in the system, so there is a risk of boundary violation.
Therefore, the active power upper and lower bounds constraint in equation (18) is
converted into the reward function shown in equation (25).

exp(PGB,max _ pGs )_1’ PGs > pGs.max
RP = 0, PGB,min <PGB,max (25)
exp(PGB —PGB’mi")—l, PGs « pGs,min

where R” is the reward for the swing generator power output limit violation, which is
scaled to be between (-1, 0), P% is the swing generator output, and PC%-™* and
PCsmin are its output upper and lower bounds, respectively.

After calculating each reward, the total reward under the power convergence is
calculated through equation (26).

r“=p"R" + pBRE + pPRP + p9R? + p°RC (26)

In this context, p”, pB, pf, p¢ and p€ are the penalty coefficients for the node voltage
violation reward, the line transmission capacity violation reward, the balance unit output
violation reward, the unit output violation reward, and the generation cost reward,
respectively.

Finally, the parameters in the DRL agent are updated according to the reward to
optimise its decision-making strategy. Through interaction with the environment, the
optimal green electricity consumption policy combination is iteratively solved to achieve
economic and low-carbon operation of the power system.

5 Experiment and performance analysis

5.1 Power load forecasting accuracy analysis

The experiment selected 2,158 pieces of power system operation data and 84 pieces of
policy and market mechanism data collected from reference (Wang and Li, 2022) as the
dataset. The power system operation data included the installed capacity, output curves,
ramp rates, and start-up and shutdown costs of thermal power, wind power, photovoltaic,
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and other power generation units. Policy and market mechanism data include renewable
energy consumption ratios, grid-connected electricity prices for photovoltaic/wind power,
energy storage subsidies, etc. In the experiment, the GCN model uses the ReLU
activation function, a learning rate of 0.03, and the Adam optimiser. The system is
equipped with a GPU server featuring a TITAN Xp graphics card and 32 GB of memory.
The operating system is Ubuntu 18.04, the deep learning framework is PyTorch, and the
programming language is Python 3.8.

Figure 3 Distribution of prediction errors for different models of power load (see online version
for colours)
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This paper selects Q-SVM (Uwimana et al., 2023), VAE-CNN (Wen et al., 2019),
CNN-BiGRU (Tang et al., 2022), RNN-RL (Zhou et al., 2023), and GCN-GRU (Chen
et al., 2024) as comparative models, and the proposed model is denoted as ESTGCN. An
analysis of the prediction error distribution of different models for power load is
conducted, as shown in Figure 3. The predicted errors of the ESTGCN model are all
within a lower error range, with significantly more concentrated distribution, which
indicates that the ESTGCN prediction results are closer to the actual condition and have
less fluctuation in prediction results, with better predictive stability and reliability. From
the above statistical data, it can also be found that the ESTGCN improves prediction
accuracy by introducing an adaptive graph construction method and a weighted skip
connection mechanism, which can more accurately extract the correlation of electricity
consumption among users in different geographic regions. Meanwhile, it can effectively
improve the prediction accuracy for power load. In contrast, CNN-BiGRU, RNN-RL, and
GCN-GRU mainly focus on capturing the temporal association of data and relatively lack
the ability to extract energy consumption patterns and coupling characteristics of the
system. Additionally, Q-SVM and VAE-CNN not only neglect the spatial correlation of
power load characteristics but also ignore temporal features, leading to larger prediction
errors compared to the other four models.
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5.2 Performance analysis of green power consumption policy combinations

To further verify the performance of the green power consumption policy combination
optimisation based on the DRL algorithm, this paper first analyses the optimisation
results of DRL. In a single round without any regulating actions, and with active power
load increasing by 1% per step, the system’s supply shortage will lead to voltage drops.
As shown in the heatmap of Figure 4, all load nodes begin to experience voltage
violations below the lower limit (0.95 p.u.) when active power increases by 16%, and
significant voltage violations and rapid system collapse occur around an 18% increase.
Through repeated experiments, nodes with small voltage fluctuations are ignored, and ten
easily over-limit load nodes bus-4, bus-5, bus-6, bus-7, bus-8, bus-10, bus-11, bus-12,
bus-13 and bus-14 are selected as voltage amplitude observation points. Compared to
conventional optimisation algorithms, the number of voltage-violation nodes is reduced
from 10 to zero, the voltage violation rate is decreased by 34.5%, and voltage collapse
risks are avoided, demonstrating the effectiveness of the optimisation strategy.

This paper selects the green power consumption rate (GPCR), green power
penetration rate (GPPR), energy consumption growth rate (ECGR), and computation time
T to conduct a comparative analysis of the performance of different models in
combination optimisation of green power consumption policies, as shown in Table 1.
ESTGCN achieves a GPCR and GPPR of 97.16% and 85.37%, respectively, which
represent improvements of 18.52% and 15.18% over Q-SVM, 15.57% and 9.73% over
VAE-CNN, 10.25% and 6.45% over CNN-BiGRU, 8.53% and 4.83% over RNN-RL, and
4.34% and 1.76% over GCN-GRU. Further comparison of the ECGR indicator shows
that ESTGCN improves by 2.24-13.14% over the other five models. In terms of
computation time for the optimal combination of green power consumption policies,
ESTGCN takes 1.24 s, which is at least 3.72 s less than the baseline methods. Through
analysis of the above performance indicators, it is evident that ESTGCN significantly
accelerates the solution speed of the optimisation problem while ensuring optimisation
effectiveness.

Table 1 Optimisation of green power consumption policy combinations
Indicator GPCR (%) GPPR (%) ECGR (%) T(s)
Q-SVM 78.64 70.19 3.92 13.69
VAE-CNN 81.59 75.64 7.81 10.92
CNN-BiGRU 86.91 78.92 10.69 8.03
RNN-RL 88.63 80.54 13.51 5.81
GCN-GRU 92.82 83.61 14.82 4.96

ESTGCN 97.16 85.37 17.06 1.24
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Figure 4 DRL optimisation solves heat maps (see online version for colours)
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6 Conclusions

With the acceleration of global energy transition and the advancement of dual carbon
goals, green electricity consumption has become a key issue for the sustainable
development of energy systems, and its efficiency improvement is highly dependent on
scientific policy guidance. To address the problem that current research struggles to
effectively extract spatiotemporal correlations from power data, this paper proposes a
spatiotemporal graph convolutional network-driven simulation and evaluation method for
green electricity consumption policies. First, a power load forecasting model based on
spatiotemporal graph neural networks is designed, which dynamically adjusts the graph
structure according to users’ electricity consumption patterns to more accurately reflect
the spatial correlations of users in different geographic areas. Second, a weighted skip
connection mechanism is designed, which can assign different weights to connections at
different time steps according to the importance of different time scales in the time series,
to alleviate the problem of gradient explosion in prediction. On this basis, a mathematical
model for the combination optimisation of power consumption policies is established,
with power load, power generation unit outputs, etc., as constraints, and by interacting
with the environment through deep reinforcement learning algorithms to solve for the
optimal combination of power consumption policies that minimise both economic and
carbon emission costs. Experimental outcome implies that the suggested approach
achieves a green electricity consumption rate of 97.16%, with an optimisation
computation time of 1.24 s, significantly accelerating the solution speed while ensuring
the optimisation effect of the green electricity consumption policy combination.
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