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Abstract—Expansion of renewable energy could help realize
the goals of peaking carbon dioxide emissions and carbon
neutralization. Some existing grid dispatching methods integrat-
ing short-term renewable energy prediction and reinforcement
learning (RL) have been proven to alleviate the adverse impact of
energy fluctuations risk. However, these methods omit long-term
output prediction, which leads to stability and security prob-
lems on optimal power flow. This paper proposes a confidence
estimation Transformer for long-term renewable energy fore-
casting in reinforcement learning-based power grid dispatching
(Conformer-RLpatching). Conformer-RLpatching predicts long-
term active output of each renewable energy generator with an
enhanced Transformer to ensure stable operation of the hybrid
energy grid and improve the utilization rate of renewable energy,
thus boosting dispatching performance. Furthermore, a confi-
dence estimation method is proposed to reduce the prediction
error of renewable energy. Meanwhile, a dispatching necessity
evaluation mechanism is put forward to decide whether the active
output of a generator needs to be adjusted. Experiments carried
out on the SG-126 power grid simulator show that Conformer-
RLpatching achieves great improvement over the second best
algorithm DDPG in security score by 25.8% and achieves a
better total reward compared with the golden medal team in
the power grid dispatching competition sponsored by State Grid
Corporation of China under the same simulation environment.
Codes are outsourced in https://github.com/BUPT-ANTlab/Con
former-RLpatching.

Index Terms—Conformer-RLpatching, optimal power flow,
reinforcement learning, renewable energy prediction.

I. INTRODUCTION

THE randomness and volatility of renewable energy
sources (RESs) have highlighted the pressing need to
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address stability and security concerns in power grid dis-
patching [1], [2]. Meanwhile, the utilization rate of renewable
energy (URRE), as another performance index in addition
to security and economy, brings new challenges to security
constrained economic dispatching (SCED) in the hybrid en-
ergy grid [3]. Therefore, it is necessary to introduce long-
term prediction of new energy into power grid dispatching
to improve the safety and stability of power grid operation
and reduce greenhouse gas emissions. Development of multi-
objective dispatching algorithms for power systems with high
proportion renewable power sources has become one of the
key topics in academic and industrial circles.

In order to address the volatility of RESs, some improved
power grid dispatching methods have been proposed. Ref-
erence [4] presented a modified version of multi-objective
differential evolution by incorporating a wind power plant into
the dynamic economic dispatch system. Aiming to minimize
cost and restrict risks, a novel SCED model [5] and a chance-
constrained economic dispatch model [6] were proposed for
wind integrated hybrid power system. Reference [7] imple-
mented a short-term control algorithm to smooth power dis-
patching by improving min-max dispatching method. Refer-
ence [8] proposed a look-ahead stochastic unit commitment
model for robust optimal dispatching. However, all the above
dispatching methods did not consider the volatility of RESs
and URRE simultaneously.

Emerging artificial intelligence (AI) technology is increas-
ingly applied to hybrid energy grid dispatching [9]. In Au-
gust 2021, State Grid Corporation of China (SGCC) and
Baidu jointly sponsored State Grid Dispatching AI Inno-
vation Competition, which is authoritative in smart grids
(https://aistudio.baidu.com/aistudio/competition/detail/111/0/i
ntroduction). SGCC provided SG-126 power grid simulators
for participating teams to realize multi-objective power grid
dispatching and strive for the highest total reward. The total
reward of the first ranked team is 510.09 among nearly 100
teams. In addition, advanced AI algorithms were put forward
to further improve flexibility, controllability and observability
of the hybrid grid [10]. An innovative dispatch optimization
strategy with an uncertainty post-processing approach was
proposed in [11], and [12] adopted a learning-based technique
to search an optimal joint control policy. Reference [13] pre-
sented a manifold-learning-based Isomap algorithm to repre-
sent the low-dimensional hidden probabilistic structure of data.
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Reference [14] proposed a learning-based decision-making
framework for economic energy dispatching based on histori-
cal sequences. However, the optimization objectives of [11]–
[14] did not involve URRE. Reference [15] modeled power
dispatching as sequential decision-making and introduced
Deep Reinforcement Learning (DRL). Reference [16] applied
deep deterministic policy gradient (DDPG) to microgrids with
photovoltaic panels. Reference [17] improved DRL to adap-
tively respond to renewable energy fluctuations. An improved
decision tree [18], [19] was also able to provide feasible
and optimal dispatch decisions for microgrids. Reference [20]
developed a new renewable energy management system with
short-term forecasting for hourly dispatching. Reference [21]
proposed a data-driven RL approach to relieve branch overload
in large power systems. However, all the above dispatching
algorithms based on AI did not consider long-term fluctuation
of new energy and were only suitable for real-time or short-
term dispatching.

In order to improve the accuracy of forecasting, some
prediction algorithms have been proposed. References [22],
[23] adopted the method of historical data mining to analyze
data characteristics for regional wind power prediction and
wind power ramp prediction, respectively. Reference [24]
introduced a small-world neural network to reduce wind power
forecasting errors. References [25], [26] both used hybrid
models for high-precision day-ahead short-term photovoltaic
output forecasting. Wang et al. applied Transformer to multi-
energy load forecasting in an integrated energy system [27].
As an improved version of Transformer, Informer proposed
by Zhou et al. was verified to be able to predict long-term
electricity consumption load accurately with higher efficiency
and lower memory usage than Transformer [28]. Inspired by

Informer, Zhan et al. Reference [29] designed a reliable hierar-
chical self-attention model to achieve reliable multivariate and
univariate long-term forecasting results in multiple smart grid
scenarios. However, all the above methods fail to achieve long-
term renewable energy prediction, and the prediction results
have not been further applied to power grid dispatching.

In summary, existing dispatching methods fail to achieve
multi-objective dispatching for a hybrid power system under
the long-term fluctuation of renewable energy. To address the
problem, a confidence estimation Transformer for long-term
renewable energy forecasting in reinforcement learning-based
power grid dispatching (Conformer-RLpatching) is proposed
shown in Fig. 1. In Conformer, the confidence estimation
method weights the prediction results from the enhanced
Transformer to reduce prediction error. RLpatching utilizes
long-term prediction from Conformer and current power grid
observations to provide an appropriate multi-objective dis-
patching strategy. Contributions of this paper are summarized
as follows:

1) This paper proposes Conformer, an enhanced Trans-
former with a confidence estimation method, which provides
accurate prediction to boost performance of hybrid energy
grid dispatching and abate the impact of renewable energy
uncertainty.

2) This paper proposes Conformer-RLpatching to realize
multi-objective dispatching under long-term fluctuation of
renewable energy. A dispatching necessity evaluation mecha-
nism is put forward to reduce unnecessary dispatching, thereby
improving stability of the power grid.

3) This paper applies Conformer-RLpatching to a SG-126
power grid simulator provided by SGCC, bridging the ‘sim-
to-real’ gap. Extensive experiments show that Conformer-
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Fig. 1. Architecture of Conformer-RLpatching. Conformer (a) obtains accurate renewable energy long-term prediction, and is divided into the enhanced
Transformer-based renewable energy prediction model (b) and the confidence estimation method (c). RLpatching (d) provides an appropriate dispatching
strategy, and contains the DDPG-based power flow optimization algorithm (e) and the dispatching necessity evaluation mechanism (f).
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RLpatching achieves great improvement over DDPG in se-
curity score by 25.8% and achieves remarkable total reward
up to 527.32 superior to 510.09, the highest total reward in
State Grid Dispatching AI Innovation Competition.

The rest of this paper is organized as follows. Section II
introduces the confidence estimation Transformer for long-
term renewable energy forecasting. Section III presents the
reinforcement learning-based dispatching framework and the
dispatching process. Section IV gives the performance of
proposed methods. Section V draws the conclusion.

II. CONFIDENCE ESTIMATION TRANSFORMER FOR
LONG-TERM RENEWABLE ENERGY FORECASTING

This section mainly introduces two main components of
Conformer, the enhanced Transformer-based renewable en-
ergy prediction model and confidence estimation, which are
responsible for long-term prediction of renewable energy and
the synthesis of prediction results, respectively. Section II-C
introduces the specific process of Conformer.

A. Enhanced Transformer for Renewable Energy Prediction

In order to deal with renewable energy fluctuations caused
by external factors in advance, this paper adopts the enhanced
Transformer [28] to efficiently predict long-term maximum ac-
tive output of every renewable energy generator. The enhanced
Transformer-based renewable energy prediction model, shown
in Fig. 2(a), adopts an encoder-decoder structure, which is
able to extract characteristics of historical data and analyze

the trend of time series data for long sequence time-series
forecasting.

Suppose the number of renewable energy generators is
nnew. For all nnew renewable energy generators, PRt1,t2
represents real maximum active power from t1 to t2, and
the sequence of the maximum active power predicted by
the enhanced Transformer at time t is noted as P̂R

t

t1,t2 .
P̂Rt+1,t+10 represents the final prediction result for the next
10 days output by Conformer.

The encoder mainly carries out coding for known sequences
and extracting features. Suppose that the current time is t0. In
the enhanced Transformer, the input of encoder includes real
data in the past 56 days PRt0−55,t0 and the corresponding
four-dimension time code, whose sizes are 56 × nnew and
56 × 4, respectively. ProbSparse self-attention is adopted
in the encoder, achieving O(L logL) time complexity and
O(L logL) memory usage on dependency alignments, where
L is the length of the input sequence. For tuple inputs, i.e,
query Q, key K and value V , ProbSparse self-attention allows
each key to only attend to the u dominant queries:

A(Q,K, V ) = Softmax

(
QKT

√
d

)
V (1)

where Q is a sparse matrix of the same size as Q, and it only
contains the Top-u queries under the sparsity measurement.
Meanwhile, self-attention distilling operation is introduced.
Conv1D layers and Maxpooling layers are added after each
ProbSparse self-attention layer to privilege dominating atten-
tion scores and help receiving long sequence input.
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Fig. 2. Flow chart of Conformer. (a) The enhanced Transformer-based renewable energy prediction model. (b) The confidence estimation method.
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The decoder is responsible for predicting. Input of the
decoder includes historical data and corresponding time coding
besides sequence characteristics output by the encoder. The
data section includes real data in the past 28 days PRt0−27,t0

and that in the next 15 days replaced by 0. Given the
input, the decoder predicts the sequence in the next 15 days
P̂R

t0

t0+1,t0+15. Therefore, sizes of the input data and time
encoding are 43×nnew and 43× 4 respectively. A generative
style decoder is adopted to acquire long sequence output
with only one forward step needed, simultaneously avoiding
cumulative error spreading during the inference.

B. Confidence Estimation Method

Combining prediction results from different times can offset
contingency of single prediction results. This paper designs a
confidence estimation method to represent the effectiveness of
a prediction sequence as the combining weight.
P (ei | B) is the condition probability that the ith result in

the prediction sequence is correct given condition B which
means accuracy of partial results is observed. P (ei | B) can
be derived as

P (ei | B) =
P (ei)P (B | ei)∑n
j=1 P (ej)P (B | ej)

(2)

To facilitate the update of effectiveness, we use beta dis-
tribution to represent confidence of the prediction sequence
according to accuracy of historical prediction results, which is
defined as

f(x;m,n) =
xm−1(1− x)n−1∫ 1

0
um−1(1− u)n−1du

=
Γ(m+ n)

Γ(m)Γ(n)
xm−1(1− x)n−1

=
1

B(m,n)
xm−1(1− x)n−1 (3)

where m > 0 and n > 0 represent the number of correct
prediction results and incorrect prediction results, respectively.
In this paper, the prediction result is judged to be correct, when
its root mean square error is less than µ. Γ(x) is the Gamma
function, which could be written as

Γ(x) =

∫ +∞

0

tx−1e−tdt(x > 0) (4)

When the prediction model is initialized without prior
knowledge, the confidence of the prediction sequence is ex-
pressed as a uniform distribution on (0, 1):

P (x) = uni(0, 1) = Beta(1, 1) (5)

Suppose that t = t0 − d(1 ≤ d ≤ 5) and the prediction
sequence at time t is P̂R

t

t+1,t+15. As shown in Fig. 2(b), the
confidence estimation method can evaluate the effectiveness
of prediction sequence at time t by comparing P̂R

t

t+1,t0 with
PRt+1,t0 . It is assumed that m correct prediction results and
n incorrect prediction results are identified after comparison.
Estimated confidence of the prediction sequence is defined as

Cont = log10(d+ 1)E[Beta(m,n)] =
m log10(d+ 1)

m+ n
(6)

Finally, the confidence is normalized as

λt =
Cont∑t0−1

i=t0−5 Coni
(7)

C. Process of Conformer

The proposed Conformer algorithm is shown in Algo-
rithm 1. First, the enhanced Transformer-based renewable
energy prediction model predicts the sequence in the next
15 days P̂R

t0

t0+1,t0+15 on the basis of the real data in the past
56 days PRt0−55,t0 . Prediction results are stored to the storage
pool Ds. If t0 < 5, P̂R

t0

t0+1,t0+15 is directly intercepted
as P̂Rt0+1,t0+10. If t0 ≥ 5, the past 5 days’ prediction
sequences are taken out from the storage pool Ds, and the
confidence of the sequences is calculated via (6) and (7).
Finally, the predicted active output results from t0+1 to t0+10
in the past 5 days’ prediction sequences are multiplied by
the corresponding estimated confidence respectively, and then
accumulated to obtain the effective prediction P̂Rt0+1,t0+10.

In the prediction process of Conformer, this paper combines
the enhanced Transformer prediction results from different
times to get the final prediction, thereby reducing prediction
error. The final prediction is delivered to RLpatching to assist
power grid dispatching and abate the impact of new energy
uncertainty.

Algorithm 1: Conformer Prediction Algorithm
Input: Current time t0, the enhanced

Transformer-based renewable energy prediction
model REPM and the storage pool Ds

Output: Prediction results P̂Rt0+1,t0+10

1 Predict the P̂R
t0

t0+1,t0+15 by REPM;

2 Store P̂R
t0

t0+1,t0+15 to Ds;
3 if t0 < 5 then
4 Intercept P̂Rt0+1,t0+10 in P̂R

t0

t0+1,t0+15;
5 else
6 Get P̂R

i

i+1,i+15 (i = t0 − 5, · · · , t0 − 1) from Ds;
7 Calculate the estimated confidence λi via (6), (7);
8 Calculate the final prediction results

P̂Rt0+1,t0+10 =

t0−1∑
i=t0−5

λiP̂R
i

t0+1,t0+10;

9 end
10 return P̂Rt0+1,t0+10;

III. REINFORCEMENT LEARNING-BASED DISPATCHING
FOR THE HYBRID POWER GRID

This section mainly introduces RL-based multi-objective
dispatching framework. First, the optimization objectives and
constraints are illustrated in Section III-A. DDPG-based power
flow optimization, the core algorithm of RLpatching, is de-
scribed in Section III-B. Next, Section III-C presents the
dispatching necessity evaluation mechanism. Finally, Sec-
tion III-D introduces the decision-making and training process
of RLpatching with the assistance of Conformer.
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A. Optimization Objectives and Constraint Conditions

The optimization objectives consist of security, economic
and environmental indicators. The security objective considers
branch overflow Stb, reactive power output overrun Str and
voltage overrun Stv. The economic objective aims at mini-
mizing the cumulative cost of the power system Ct, which
includes operation cost and startup cost of the generators.
Environmental objective targets to maximize URRE Rt. The
formula for the optimization objectives is

max


Nsteps∑
t=1

(ζ(Str) + Stb + ζ(Stv) + ζ(−Ct) + ωRR
t)

 (8)

in which,

Str =

ngen∑
i=1


uti

(
1− qti

qmax
i

)
qti > qmax

i

uti

(
qti

qmin
i −1

)
qti < qmin

i

0 else

(8a)

Stb = 1− 1

nbranch

nbranch∑
j=1

min

(
Itj
Tj
, 1

)
(8b)

Stv =

nbus∑
k=1


1− vtk

vmax
k

vtk > vmax
i

vtk
vmin
k −1

vtk < vmin
k

0 else

(8c)

Ct =

ngen∑
i=1

(
uti(ai(P

t
i )2 + biP

t
i + ci) + uti(1− ut−1

i )cstart
i

)
(8d)

Rt =

∑nnew

i=1 P ti∑nnew

i=1 Pmax
i

(8e)

Here, Nsteps is the maximum number of steps in which the
dispatching strategy can make the simulator run safely under
the constraints. ωR is the weight coefficient greater than one
to improve URRE. ngen, nbranch, nbus and nnew represent the
number of generators, branches, busbars and renewable energy
generators, respectively. uti, q

t
i and P ti are the on/off status,

reactive power output and active output of generator i in period
t, respectively. qmax

i and qmin
i represent the maximum and

minimum reactive power output of generator i, and Pmax
i is

the maximum active output of generator i. Itj and Tj separately
represent the current and thermal limits of branch j. vtk is
the voltage of busbar k in period t, vmax

k and vmin
k represent

the maximum and minimum voltage of busbar k, respectively.
ai, bi and ci are operation cost factors of generator i. cstart

i ,
the factor of startup cost, is a fixed value for generator i. In
addition, we use a normalization function ζ(x) = ex − 1 to
limit the ranges of Str , Stv and −Ct to (−1, 0].

In this paper, three constraint conditions are set to limit
optimization.
1) Voltage Constraints

The actual value of the voltage of any generator should not
be greater than the upper limit of the voltage, nor less than the
lower limit. Otherwise, the security objective will be affected
negatively.

2) Active Power Output Constraints
The actual value of active power output of any generator

should not be greater than the upper limit, nor less than the
lower limit. Otherwise, the simulator will be stopped.
3) Reactive Power Constraints

The actual value of reactive power of any generator should
not be greater than the upper limit, nor less than the lower
limit. Otherwise, the security objective will be affected nega-
tively.
4) Branch Current Constraints

If the current of a branch exceeds the thermal stability limit,
it indicates the branch is overloaded, which will negatively
affect the security objective.
5) Startup-shutdown Constraints

Startup is not allowed for 40 time steps after the generator
shutdown. It is not allowed to shut down for 40 time steps
after the generator is restarted.
6) Power Balance Constraints

The total power generation should cover the total power
demand. Hence,

nt∑
m

P tTm +

nnew∑
n

P tRn =

nl∑
j

P tLj (9)

where nt is the number of thermal generators, and nl is the
number of loads.
7) Ramp Rate Constraints

The active power adjustment value of each thermal power
generator between any two continuous time steps must be
smaller than the generator’s maximum adjustment value.
Therefore, for generator i in period t, the ramp rate constraint
is defined as

|P ti − P t+∆t
i | < ramp rate× Pmax

i (10)

B. DDPG-based Power Flow Optimization

RLpatching adopting DDPG determines the active power
output of all generators for the next day according to cur-
rent power grid operation state and long-term prediction of
renewable energy from Conformer. It includes actor and critic,
which are used for decision-making and scoring, respectively,
as shown in Fig. 3.

In RLpatching, the input of actor includes the current power
grid observations obst and the final prediction P̂Rt+1,t+10

output by Conformer, which are marked as the state space
st. obst consists of 13 selected groups of current power grid
parameters to represent the operation state, including reactive
power of all generators, voltage, active power and reactive
power at the starts and ends of branches, load ratio and current
of branches, active power and reactive power of the loads and
the grid loss. actor outputs active power of all generators for
the next day P t. critic takes st, P t as its input and outputs
the value Q.

Since grid operation control is modeled as a time-continuous
decision-making process, the reward function is defined as the
optimization objectives at each time step. The reward function
at time t is

rt = Stb + ζ(Str) + ζ(Stv) + ζ(−Ct) + ωRR
t (11)
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The actor and critic parameterized by θµ, θQ are used to
represent the deterministic policy P t = µ(st|θµ) and the critic
function Q(st, P

t|θQ). θµ and θQ are optimized by stochastic
gradient method. The loss functions of actor and critic are

J(θµ) =
1

N

∑
t

Q(st, P
t|θQ)|P t=µ(st)µ(st | θµ) (12)

J(θQ) =
1

N

∑
t

[rt + γQ′(st+1, µ
′
t+1|θQ

′
)−Q(st, P

t|θQ)]2

(13)

C. Dispatching Necessity Evaluation Mechanism

In power grid dispatching, adjusting numerous generators
would decrease stability sharply. To deal with this problem,
this paper designs a dispatching necessity evaluation mecha-
nism to quantify the necessity of each generator and select
ndis generators to dispatch. For generator i, three factors are
considered to evaluate its necessity, including active power
adjustment value for the next day ∆Pi, utilization rate Ri =
P t

i

Pmax
i

, and maximum load rate of all branches around it Lmax
i .

|∆Pi| is normalized as |∆Pi|′ by the min-max method. We
select ndis generators with the highest necessity to dispatch,
and active output of other generators is consistent with that
of previous time step. The necessity formula of dispatching is
defined as

Di = ωP|∆Pi|′ + (ϕR −Ri)∆Pi + (ϕL − Lmax
i )∆Pi (14)

Equation (14) is a polynomial composed of three parts.
ωP|∆Pi|′ measures the adjustment value, with which the
dispatching necessity is positively correlated. (ϕR − Ri)∆Pi
is designed to control the utilization rate of generator i
within a reasonable range. When utilization rate of generator

is less than ϕR, the necessity of adjustment increases with
the increase of ∆Pi. When utilization rate of generator is
greater than ϕR, increase of active power of generator i
is restrained. (ϕL − Lmax

i )∆Pi maintains the load rate of
branches around generator i, featuring the same characteristics
as (ϕR −Ri)∆Pi.

D. RLpatching Decision-making and Training Process

The decision-making and training process of the proposed
Conformer-RLpatching for the hybrid power grid is shown
in Algorithm 2. At the beginning of each epoch, obst0 is
obtained from the initialized simulator, together with which
the prediction from Conformer initializes the state space st0 . In
each step of dispatching, active power output of all generators
for the next step is determined by the actor, the dispatching
necessity evaluation mechanism selects ndis generators to dis-
patch, and then the simulator executes the dispatching strategy.
Next, obst0+1 and P̂Rt0+2,t0+11 consists st0+1. Afterwards
(st0 , P

t0 , rt0 , st0+1) is stored to De. Finally, samples are
selected from De to update all networks. This epoch will
end when the power flow calculation of the simulator fails
to converge or the operation of the grid does not meet the
constraints mentioned in Section III-A.

Algorithm 2: RLpatching Decision-making and On-
line Training Algorithm

1 Initialize actor, critic and Conformer;
2 for epoch = 1:R do
3 Initialize experience pool De and storage pool Ds;
4 t0 = 0;
5 Initialize the SG-126 power grid simulator and

Obtain obst0 ;
6 Predict P̂Rt0+1,t0+10 by Algorithm 1;
7 [obst0 , P̂Rt0+1,t0+10]→ st0 ;
8 while True do
9 Input st0 to actor and get P t0 ;

10 Select ndis generators to dispatch via (14);
11 Observe rt0 , Done, obst0+1 and PRt0+1 from

the simulator;
12 Predict P̂Rt0+2,t0+11 by Algorithm 1;
13 [obst0+1, P̂Rt0+2,t0+11]→ st0+1;
14 Store (st0 , P

t0 , rt0 , st0+1) to De;
15 Select samples from De and update networks;
16 if Done then
17 break;
18 end
19 t0 = t0 + 1;
20 st0 = st0+1;
21 end
22 end

IV. SIMULATION AND RESULTS

A. The Simulator and Settings

Conformer-RLpatching is evaluated on SG-126 power grid
simulator. The simulator includes 54 generators and 185
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TABLE I
SIMULATION PARAMETERS

Parameters Value Parameters Values
Renewable energy units 18 Thermal power units 36
Branches 185 Loads 91
Transformers 9 ramp rate 0.05
ωR 2 µ 5

TABLE II
GENERATOR PARAMETERS

Parameters Units
U1-U18 U19-U30 U30-U40 U40-U54

Type Renewable
Energy

Thermal
Power

Thermal
Power

Thermal
Power

Pmax
i /MW – 110 128 140
Pmin
i /MW 0 15 25 28
vmax
i /Mm3 105 105 105 105
vmin
i /Mm3 95 95 95 95
ai 0.0696 0.0285 0.0109 0.0097
bi 26.2438 17.82 22.9423 12.8875
ci 31.67 10.15 32.96 58.81
cstarti 80 100 200 880

branches, which conforms to the characteristics and operation
mode of a provincial grid. Simulation parameters and genera-
tor parameters are illustrated in Tables I and II, respectively.

B. Comparison of Renewable Energy Prediction Models

This subsection compares the predictive effectiveness of
Conformer with that of state-of-the-art methods, which in-
clude:

* Informer: An efficient Transformer-based model for long
sequence time-series forecasting [28]. The optimized In-
former in the comparative experiments adopts one-layer
decoder and two-layer encoder with 128 heads.

* LSTMa: An improved long-short term memory recurrent
neural network (LSTM) with variable length vector [30].
The LSTMa used in this paper contains two LSTM layers.

* Prophet: A modular regression model with interpretable
parameters proposed in [31]. The fbprophet library de-
veloped by Facebook is used in the experiments.

* CNN: An extended convolutional neural network (CNN)
for photovoltaic power production forecasting [32], which
consists of four convolutional layers and two fully con-
nected layers.

* CNN-LSTM: A hybrid deep learning approach based on
CNN and LSTM for photovoltaic output forecasting [26].

The data set used in the experiment is the maximum active
power output of 18 renewable energy units in 106820 days,
which is provided by China Electric Power Research Institute.
This paper selects 90% of the data as the training set and
10% as the testing set. The root mean square error (RMSE),
mean absolute error (MAE) and mean absolute percentage
error (MAPE) are used to evaluate the effect of the models:

RMSE =

√√√√ 1

tprennew

tpre∑
t

nnew∑
i

(P ti − P̂ ti )
2

(15)

MAE =
1

tprennew

tpre∑
t

nnew∑
i

|P ti − P̂ ti | (16)

MAE =
100%

tprennew

tpre∑
t

nnew∑
i

∣∣∣∣∣P ti − P̂ tiP ti

∣∣∣∣∣ (17)

We set up a series of comparative experiments, w.r.t variable
input length and output length, to predict long-term maximum
active output of all renewable energy generators. In these
experiments, historical data of the past 48 days, 56 days,
64 days, 72 days, 80 days, 88 days, and 96 days are fed into
models separately, and the length of predicted values tpre is set
as 15, 20, 25 and 30. We only demonstrate the crutial results in
Table III, the complete results are exhibited in APPENDIX A.

Conformer achieves much better performance than all com-
pared methods in the overall experiments, which demonstrates
its superiority. Specifically, the average RMSE of Conformer
in 12 groups of comparative experiments is 19.07% lower
than that of Informer with the second-best performance, which
means Conformer has less prediction error. Results show the
confidence estimation method offsetting the contingency of a
single prediction result facilitates the predictive effectiveness.

TABLE III
PREDICTION ERROR

Input data length 48 56 64
Output data length 15 20 25 30 15 20 25 30 15 20 25 30

RMSE 5.0648 5.3919 5.8599 6.2192 4.9995 5.2718 5.9732 6.1780 5.0076 5.3985 6.0351 6.1866
MAE 3.5653 4.0406 4.1096 4.7886 3.2104 3.9704 4.5192 4.7594 3.4152 4.1267 4.5222 4.7403Conformer
MAPE 41.79% 73.91% 59.43% 101.73% 34.24% 50.78% 56.01% 96.53% 83.12% 66.63% 52.39% 63.67%
RMSE 5.937 6.7637 7.2799 7.8346 5.9677 6.683 7.3198 7.7981 6.0773 6.7428 7.3137 7.7993
MAE 4.5921 5.1784 6.0525 6.8162 4.5409 5.8827 6.1585 5.9698 4.9286 5.0931 6.1940 6.4164Informer
MAPE 65.70% 172.75% 146.03% 164.79% 66.39% 78.27% 136.28% 101.22% 73.79% 112.73% 157.31% 206.47%
RMSE 10.9698 11.3034 12.1275 12.225 10.864 12.7792 13.0704 12.5671 11.1334 12.8136 13.0573 12.923
MAE 7.9174 7.6452 8.4919 8.4396 7.8960 9.0690 9.1068 8.5704 7.9505 8.1990 9.1264 8.4835LSTMa
MAPE 251.20% 309.26% 373.80% 314.80% 187.62% 391.45% 565.14% 425.20% 281.36% 503.56% 585.27% 607.71%
RMSE 8.9671 9.7796 10.8414 11.8916 9.4211 10.3752 11.2745 12.3669 9.5111 10.3964 11.2522 12.5742
MAE 6.8716 7.0983 7.5153 8.7255 7.3653 7.5316 8.3698 8.2875 6.8331 7.2664 8.2827 8.6842Prophet
MAPE 96.44% 158.15% 245.21% 234.97% 136.73% 214.75% 487.84% 569.54% 198.60% 466.03% 425.29% 591.12%
RMSE 6.6045 7.5408 8.0617 8.5013 6.7521 7.4893 8.0038 8.572 6.8096 7.5571 7.9928 8.6852
MAE 5.1175 6.3642 6.7022 6.9541 5.0214 5.4714 6.7159 6.8762 5.2914 5.5941 6.8703 6.9223CNN
MAPE 83.41% 115.02% 158.49% 242.64% 140.46% 177.05% 197.24% 156.69% 190.83% 238.53% 219.44% 297.13%
RMSE 7.8669 8.6973 9.2094 9.5646 8.2419 9.3553 9.692 9.7102 8.3122 9.4028 9.4484 9.9086
MAE 5.6242 6.5716 7.8590 7.4182 6.3332 7.1032 7.4527 8.0752 6.1331 7.6977 8.0580 7.6124CNN-LSTM
MAPE 124.73% 192.53% 283.17% 290.81% 152.32% 217.31% 203.81% 318.52% 233.74% 219.70% 347.76% 382.70%
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In addition, the RMSE and MAE of Conformer are 39.65%
and 40.95% lower than these of other algorithms on average,
respectively.

When the input length is fixed, all methods show a consis-
tent trend, that is, the gap between prediction and real data
widens slightly as the output length increases. For example,
when input length is 56 and output length rises from 15 to
30, the RMSE of Conformer and CNN increases by 23.57%
and 26.95%, respectively. When input length is 64 and output
length rises from 20 to 30, the MAE and MAPE of Informer
increase by 25.98% and 83.15%.

Given the fixed output length, prediction accuracy of all
methods tends to increase with input length rising, and reaches
a peak as input length is approximately 56. The phenomenon
illustrates that more historical data endows the model with
better predictive ability, while excessive input will bring more
interference of invalid data to the model, thus reducing pre-
diction accuracy. When output length is fixed at 20, despite
the RMSE of Conformer increasing by 2.40% as input length
rises from 56 to 64, Conformer still maintains its superiority
with the RMSE 19.94%, 28.56% lower than that of Informer
and CNN, respectively.

This paper further observes the robustness of Conformer
in different conditions of variable input and output lengths
compared with Informer and CNN. Short-term prediction
with more historical data makes it much easier for models.
Therefore, three scenarios of variable difficulty are set as
shown Fig. 4. It is clear that CNN has the worst performance
in all scenarios. As depicted in Fig. 4 (a), both Conformer
and Informer are able to describe the correct trend of real
data, specially the prediction from day 9 to day 13 output by
Conformer achieves surprisingly little error. In the moderate
scenario Fig. 4 (b), Conformer performs more stably than
Informer, and achieves more accurate long-term prediction.
Conformer significantly outperforms Informer in the hard
scenario Fig. 4(c), where Informer deviates real data as output
length rises, whereas Conformer describes the correct trend
of real data accurately. In summary, Conformer still achieves
the best performance despite prediction accuracy decreasing
as difficulty rises, which proves its advantageous robustness.

In addition, this paper compares total calculation time for
100 times tests of different prediction models, when the input
length is 56 and output length is 15. Results are shown in
Table IV. Calculation time of Prophet is much longer than
other methods, which indicates that its time complexity is high
because it requires multiple iterations and fitting according to
the input historical data. The computational time of LSTMa
and CNN is similar, and their computational time is 50.1%
more than of Conformer on average. Computational time of
CNN-LSTM is about twice that of LSTMa. Computational
time of Informer is the shortest, only 2.635 seconds. Although

TABLE IV
COMPUTATIONAL TIME OF PREDICTION MODELS

Models Computational time Models Computational time
Conformer 2.947 s Informer 2.635 s

LSTMa 4.021 s Prophet 167.728 s
CNN 4.825 s CNN-LSTM 8.496 s
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Fig. 4. Prediction Results. (a) Easy scenario. (b) Moderate scenario. (c) Hard
scenario.

the computational time of Conformer for every test is about
only 3.12 milliseconds longer than of Informer, the MAE of
Conformer is reduced by 29.3%.

C. Performance of Conformer-RLpatching With Different Hy-
per Parameters and Ablation Experiments

According to Section IV-B, the length of historical data
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input to Conformer-RLpatching is set as 56 with the lowest
prediction error. Conformer outputs the prediction for the next
10 days in all experiments except for Conformer-RLpatching
II, which only provides prediction for the next day.

In order to compare the impact of long-term and short-
term renewable energy prediction on dispatching effect, this
paper designs a comparative experiment between Conformer-
RLpatching I and II. As shown in Table V, Conformer-
RLpatching I enables the simulator to run 117 more steps than
Conformer-RLpatching II whilst satisfying the constrains, and
the total reward of Conformer-RLpatching I is 52.352% higher.

Conformer-RLpatching I and III–VIII test the impact of
different parameters in the dispatching necessity evaluation
mechanism, including ϕR, ϕL, ndis, on active power flow
dispatching of an hybrid power grid. According to Table V,
overall, when ϕR and ϕL are both 0.8 and ndis is 40,
Conformer-RLpatching performs best, and its total reward
reaches 527. When ϕR changes, the security score and re-
newable energy utilization rate show a downward trend, but
the average cost of each step changes little. For example, when
ϕR increases from 0.8 to 0.9, the utilization rate of renewable
energy decreases by 4.499%. When the critical value of branch
current ϕL increases, the security of power grid is seriously
affected. As ϕL increases from 0.8 to 0.9, the security score
decreases by 7.429%. As ndis rises to 40, stability of the
power grid reaches a peak. When ndis increases from 40 to 45,
the number of operation steps and security score decrease by
2.113% and 5.843%, respectively, despite the utilization rate
of renewable energy increasing by 1.348%.

In addition, ablation experiments are carried out to explore
the separate contributions of Conformer and dispatching ne-
cessity evaluation mechanism. It can be seen that the security
score decreases by 3.952% without C. This indicates the
dispatching necessity evaluation mechanism can ensure stable
operation of the power grid system. Besides, total reward
significantly reduces by 54.190% discarding A, which illus-
trates that Conformer can assist grid dispatching and abate
the negative impact of renewable energy fluctuations.

D. Comparison With Other Dispatching Methods

This paper compares Conformer-RLpatching with other
methods for power grid dispatching to further verify its

dispatching effect, which include:

* DDPG: An improved deep deterministic policy gradient
(DDPG) for smart isolated microgrids with photovoltaic
panels [16].

* DCR-TD3: A distributed classification replay twin de-
layed deep deterministic policy gradient method (DCR-
TD3) for multi-objective integrated automatic generation
control proposed in [33].

* PPO: A proximal policy optimization method (PPO) with
a novel objective function that enables multiple epochs of
minibatch updates proposed by OpenAI [34].

Simulation results are shown in Table V. The security
score of Conformer-RLpatching is 25.758% and 63.319%
higher than of DDPG and DCR-TD3. The total reward is
improved by 76.149% compared with DCR-TD3 having the
second best performance. Renewable energy utilization rate
of Conformer-RLpatching is 4.540% higher than of other
methods on average.

More intuitively, Fig. 5 depicts the average renewable
energy utilization rate, average cost, and cumulative reward
of each step of the above dispatching methods in an epoch.
As shown in Fig. 5(a), despite PPO reaching relatively high
renewable energy utilization rate in the beginning, its dis-
patching is highly unstable with an end at only step 50.
In contrast, Conformer-RLpatching, which enables superior
stability and efficient renewable energy utilization rate, is no-
ticeably the best performer on the renewable energy utilization
issue, albeit at the cost of slightly higher cost as presented
in Fig. 5(b). Fig. 5(c) shows the overall performance in
dispatching. Rewards obtained by PPO and DCR-TD3 improve
fast initially whereas come to an end quickly, which indicates
their instability. DDPG runs relatively more steps than PPO
and DCR-TD3, but it obtains the lowest rewards of those in the
epoch. To sum up, Conformer-RLpatching achieves the most
running steps and the highest cumulative reward, verifying its
superiority among state-of-the-art dispatching methods.

Table VI compares the total reward of Conformer-
RLpatching and the top three teams in State Grid Dispatching
AI Innovation Competition. Results show that Conformer-
RLpatching achieves a remarkable total reward up to 527.318
superior to 510.091 obtained by the best team.

TABLE V
SIMULATION RESULTS

Methods Prediction
Length ϕR ϕL ndis Steps Security

Score
Average Cost
(Thousand RMB Yuan)

Average Renewable Energy
Utilization Rate

Total
Reward

Conformer-RLpatching I 10 0.8 0.8 40 426 261.145 65251.618 81.579% 527.318
Conformer-RLpatching II 1 0.8 0.8 40 309 202.073 56499.215 73.826% 346.117
Conformer-RLpatching III 10 0.7 0.8 40 417 250.544 65552.791 79.798% 498.990
Conformer-RLpatching IV 10 0.9 0.8 40 415 254.921 65399.495 77.909% 485.560
Conformer-RLpatching V 10 0.8 0.7 40 412 252.695 65651.850 81.822% 510.402
Conformer-RLpatching VI 10 0.8 0.9 40 395 241.744 66163.359 82.754% 497.888
Conformer-RLpatching VII 10 0.8 0.8 35 408 252.815 65538.547 80.055% 498.064
Conformer-RLpatching VIII 10 0.8 0.8 45 417 245.887 66081.338 82.638% 513.476
A+B 10 – – – 411 250.824 65512.642 79.198% 490.008
B+C – 0.8 0.8 40 206 129.021 68862.785 78.333% 241.563
DDPG – – – – 325 207.656 63973.590 55.871% 243.303
DCR-TD3 – – – – 250 159.899 59964.867 78.787% 299.359
PPO – – – – 56 30.961 71204.500 99.451% 82.139

1 A: Conformer, B: DDPG-based Power Flow Optimization Algorithm, C: Dispatching Necessity Evaluation Mechanism
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Fig. 5. Simulation results of each step.

TABLE VI
COMPARISON WITH THE TOP THREE TEAMS

Methods Total Reward
Conformer-RLpatching I 527.318
The first ranked team 510.091
The second ranked team 509.206
The third ranked team 507.239

V. CONCLUSION

Emerging AI technology is gradually integrated into the se-
curity constrained economic dispatching of the hybrid energy
grid. This paper proposes a Conformer-RLpatching to achieve

multi-objective dispatching under long-term fluctuations of
renewable energy. Equipped with a confidence estimation
method, Conformer can provide accurate long-term renewable
energy prediction to reduce the impact of new energy uncer-
tainty on dispatching. What’s more, this paper designs RL-
patching to realize active power flow optimization and puts for-
ward a dispatching necessity evaluation mechanism to reduce
unnecessary dispatching and improve stability of the power
grid. Extensive experiments based on a SG-126 power grid
simulator demonstrate the proposed Conformer-RLpatching is
superior to other state-of-the-art methods. Future work will
consider the impact of additional factors, such as weather and
social activities, on renewable energy to improve prediction
accuracy, and further study multi-objective dispatching of
hybrid power grid under source-load side uncertainty.

APPENDIX

A. Prediction Results
As for prediction models, historical data for the past

48 days, 56 days, 64 days, 72 days, 80 days, 88 days, and
96 days are fed into models separately, and the length of
prediction is set as 15, 20, 25 and 30. The RMSE in all
experiences are shown in the following table.

Input
data
length

Output
data
length

Conformer Informer LSTMa Prophet CNN CNN-
LSTM

48

15 5.0648 5.937 10.9698 8.9671 6.6045 7.8669
20 5.3919 6.7637 11.3034 9.7796 7.5408 8.6973
25 5.8599 7.2799 12.1275 10.8414 8.0617 9.2094
30 6.2192 7.8346 12.225 11.8916 8.5013 9.5646

56

15 4.9995 5.9677 10.864 9.4211 6.7521 8.2419
20 5.2718 6.683 12.7792 10.3752 7.4893 9.3553
25 5.9732 7.3198 13.0704 11.2745 8.0038 9.692
30 6.1780 7.7981 12.5671 12.3669 8.572 9.7102

64

15 5.0076 6.0773 11.1334 9.5111 6.8096 8.3122
20 5.3985 6.7428 12.8136 10.3964 7.5571 9.4028
25 6.0351 7.3137 13.0573 11.2522 7.9928 9.4484
30 6.1866 7.7993 12.923 12.5742 8.6852 9.9086

72

15 5.0214 6.081 11.1267 9.5745 6.8373 8.3324
20 5.4412 6.7233 12.9052 10.4459 7.5659 9.3964
25 5.9060 7.3482 13.1027 11.3085 8.096 9.5547
30 6.2055 7.8026 12.9616 12.5302 8.6734 9.9164

80

15 5.1835 6.0975 11.3142 9.6998 6.8945 8.4128
20 5.5034 6.7255 12.8648 10.4943 7.5203 9.4645
25 5.9607 7.3541 12.9361 11.3496 8.1734 9.6077
30 6.2565 7.844 13.1125 12.5463 8.7174 9.8437

88

15 4.9972 6.1014 11.3667 9.6289 6.8981 8.3959
20 5.4511 6.6902 12.8955 10.5025 7.6697 9.773
25 5.9611 7.3878 13.0564 11.5041 8.3747 9.7416
30 6.2532 7.8635 13.2063 12.5195 8.7748 9.9718

96

15 5.1985 6.1397 11.4291 9.8016 6.9034 8.4526
20 5.5323 6.7316 13.0103 10.6395 7.6748 9.8253
25 5.9236 7.3796 13.1256 11.8777 8.4523 9.8562
30 6.3164 7.8826 13.1813 12.6051 8.8516 9.9868
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