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Abstract—The increasing use of renewable energy in 

the power system results in strong stochastic disturbances 

and degrades the control performance of the distributed 

power grids. In this paper, a novel multi-agent collabora-

tive reinforcement learning algorithm is proposed with 

automatic optimization, namely, Dyna-DQL, to quickly 

achieve an optimal coordination solution for the mul-

ti-area distributed power grids. The proposed Dyna 

framework is combined with double Q-learning to collect 

and store the environmental samples. This can iteratively 

update the agents through buffer replay and real-time 

data. Thus the environmental data can be fully used to 

enhance the learning speed of the agents. This mitigates 

the negative impact of heavy stochastic disturbances 

caused by the integration of renewable energy on the 

control performance. Simulations are conducted on two 

different models to validate the effectiveness of the pro-

posed algorithm. The results demonstrate that the pro-

posed Dyna-DQL algorithm exhibits superior stability 

and robustness compared to other reinforcement learning 

algorithms. 

Index Terms—Automatic generation control, Dyna 

framework, distributed power grid, multi-agent, mod-

el-based reinforcement learning. 
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Ⅰ.   INTRODUCTION 

ith the rapid development of renewable energy 

integrated into the traditional power system, the 

intermittent and highly stochastic characteristics [1] of 

the renewable energy bring strong random disturbances 

while causing significant modifications to the grid 

structure. As a result, the traditional automatic genera-

tion control (AGC) methods, such as proportion-

al-integral control and sliding mode control, both of 

which heavily rely on precise mathematical system 

models, are no longer applicable. 

Therefore, extensive research has been conducted 

with the knowledge-based artificial intelligence (AI) 

algorithms which require no precise model of the AGC 

system. The AI technologies in AGC can be roughly 

classified into two categories. 

The first category focuses on optimizing the param-

eters of the traditional control methods via swarm in-

telligence [2] optimization algorithms. In [3], the im-

plementation of the proportional-integral (PI) algorithm 

for the AGC system is discussed, wherein an electric 

vehicle cluster is incorporated to assist in frequency 

modulation. While the influence of electric vehicles 

generally yields positive outcomes for frequency im-

provement, it is noteworthy that parameters continue to 

be the primary influencers in frequency control. In [4], a 

genetic algorithm is introduced for the optimization of 

parameters in the PI within AGC. This addresses the 

challenge of parameter adjustment stemming from 

modeling complexities to some extent, though the ef-

ficacy of the genetic algorithm plays a crucial role in 

determining the overall effectiveness of the PI control. 

Reference [5] builds upon these efforts by introducing 

further enhancements to the genetic algorithm, aiming 

to achieve superior control performance in AGC. Nev-

ertheless, it is imperative to acknowledge that PI con-

trols heavily rely on accurate system models. This pre-

sents challenges in particular in large-scale power sys-

tems characterized by their inherent complexities. 
The second category primarily involves reinforcement 

learning algorithms [6][12]. Because of their powerful 

W 



PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 4, JULY 2024 40 

self-optimization capabilities, simple structure, and lack 
of the need for physical system models, reinforcement 
learning algorithms have been extensively investigated in 
the field of power systems. Value iteration-based 
Q-learning [13] and its derived model-free reinforcement 
learning algorithms are widely applied in AGC systems. 
In [14], the multi-agent deep reinforcement learning 
algorithm is applied to effectively address the issue of 
delayed rewards in an AGC system via the principle of 
“backward estimation”. A deep reinforcement learning 
algorithm with exploration-aware thinking is proposed 
based on the double deep Q network (DDQN) algorithm 
in [15]. It can resolve the dimensionality disaster problem 
caused by high-dimensional states, thus improving sys-
tem stability. The deep Q network (DQN) algorithm is 
improved with long short-term memory (LSTM) neural 
networks and is applied to the coordinated control of 
complex energy systems with distributed renewable en-
ergy sources and chemical energy storage equipment [16]. 
To improve the issue of poor control performance caused 
by Q-learning discrete state space in the dynamic power 
allocation, transfer learning [17] is applied to the re-
al-time training process of Q-learning (QL) to enhance its 
learning speed [18]. However, transfer learning cannot 
play a role outside the preset state.  

Although the above methods can improve the learn-
ing effect of agents to certain extent, model-free rein-
forcement learning models [19] suffer from low effi-
ciency with the large numbers in the interactive learning 
process, thus requiring more time to achieve policy 
convergence. To address this issue, a Dyna framework 
is proposed to configure the environmental data model 
via storing the training data [20] for the environmental 
interaction. This enables faster update of the Q-value 
matrix with reliance on the model and faster system 
convergence. However, Q-learning is prone to the 
problem of overestimating the Q-values [21], where the 
consecutive updates within the same iteration could 
result in larger Q-value errors, thus jeopardizing the 
stability of the agents. In [22], a double Q-learning 
(DQL) method is introduced to decouple the connection 
between Q-values and Q-value indexing. This can solve 
the problem of Q-value overestimation so as to ensure 
the stability of the agents.  

This paper proposes a novel Dyna-DQL algorithm for 

load frequency control (LFC), one which combines the 

model-based and model-free iterative updates for the 

agents so as to avoid Q-value overestimation in non-

linear distributed power systems. Extensive simulations 

are performed on different models with varied operating 

conditions to validate the effectiveness of the proposed 

algorithm. The contributions of the paper are summa-

rized as follows: 
1) A model-based reinforcement learning algorithm 

is proposed to combine the model-free reinforcement 
learning algorithm and Dyna framework so as to im-
prove the learning efficiency of agents via buffer data 

playback and frequency control performance in the 
distributed power systems. 

2) A two-area LFC model with superconducting 
magnetic energy storage (SMES), and a four-area LFC 
model based on the central china power grid are estab-
lished for simulation verification.  

3) A series of simulations are performed with various 
models and operating conditions to verify the effec-
tiveness of the proposed algorithm. 

The remainder of the paper is organized as follows. 
Section Ⅱ explains the proposed Dyna-DQL algorithm 
in detail together with the Dyna framework and 
Q-learning. The design of the AGC system model and 
the related parameter settings are introduced in Section 
Ⅲ. Case studies in different scenarios are performed to 
verify the effectiveness of the proposed algorithm in 
Section Ⅳ. Conclusions are provided in Section V. 

Ⅱ.   FREQUENCY CONTROL MODEL FOR DISTRIBUTED 

INTERCONNECTED AGC SYSTEM 

With the integration of large-scale distributed re-
newable energy sources, the power grids with such 
structure can be considered as a distributed power grid. 
Hence, the AGC system [23] is also designed to be 
distributed where the traditional centralized AGC sys-
tem dispatching center no longer performs the “central 
coordination”. Instead, the grid system can be divided 
into multiple distributed areas, each with a distributed 
“brain” (intelligent controller, also known as an agent). 
These agents are engaged in the multi-agent interactions 
to regulate the power of each distributed region. The 
model of the distributed AGC system is illustrated in 
Fig. 1. Each agent is responsible for handling load dis-
turbances within its own area. Through the physical and 
digital information exchange channels, the collective 
agents aim to achieve coordinated control of the entire 
power grid, with the objective of ensuring that the 

tie-line power deviation tieΔP  be zero. 

 
Fig. 1.  The distributed AGC system mode. 

The difference between the regulation output power 

T,Δ iP  of a given unit and the increment 
D,iP  in load 

power during the frequency regulation process can be 
computed using the subsequent formula: 

T, D, D, tie,

d
Δ Δ Δ Δ

d
i i i i iP P W P P

t
               (1) 
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where d d/iW t  represents the power increment of the 

generator; D,Δ iP  stands for the load frequency regula-

tion power; and 
tie,Δ iP  denotes the exchange power of 

the tie line of the ith area. 
The power flowing through the tie-line from area 1 to 

area 2 can be calculated using the subsequent formula: 

 tie, 2 1 212 1] ] ]
2

[Δ [Δ [ΔL P T L f L f
l


              (2) 

where L[·] denotes the Laplace transform; l is the var-

iable for the Laplace transform; 1Δf  and 2Δf  represent 

the frequency deviations of areas 1 and 2 respectively; 

and 12T  is the time constant of the tie line. Consequently, 

the tie-line exchange power of area i and transmission 
power of area ‘i’ and ‘j’ can be determined as follows: 

tie,
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where ijX  denotes the equivalent reactance of the tie line; 

i  and j  represent the power angles of the equivalent 

generators in areas i and j, respectively; iV  and jV  de-

note the output voltages of the equivalent generators in 
areas i and j, respectively; tiT  is the turbine time constant 

of area i; giT  is the time constant of area i; mΔ iP  repre-

sents the generation command; LiP  denotes the total load; 

RESΔ iP  is the aggregate of all active power transmitted 

via the tie-line connected to area i; and iD  is the damping 

coefficient of area i; iR  denotes the primary frequency 

regulation coefficient of area i; and ciP  is the control 
power deviation of area i. 

In large-scale power systems, area control error (ACE) 

is typically employed to ensure frequency stability and 

manage power exchange. The model discussed in this 

paper does not explicitly establish a dispatch center. 

Instead, it introduces an intelligent agent in each area to 

independently control operations, with each agent 

tasked with maintaining the stability of the ACE index 

within its respective area. The method used to calculate 

ACE is outlined below:  

tie,iΔ Δi i iACE P B f                      (8) 

1
i i

i

B D
R

                            (9) 

where iB  represents the deviation coefficient of area i. 

Ⅲ.   DYNA-DQL ALGORITHM 

A. Dyna Framework 

As demonstrated in Fig. 2, Dyna is an AI framework 
to realize learning, planning and action execution. It 
includes three components: buffer data containing dig-
ital environment information, agent, and the interaction 
of the agent with the environment. In each iteration, the 
agent can be updated via real-time data and sampled 
information from the buffer. 

 
Fig. 2.  The Dyna framework. 

In reinforcement learning, each data update stems 
from various strategies, specifically, the off-policy [21] 
method. It is evident that the prerequisite for utilizing 
Dyna is a reinforcement learning algorithm based on the 
off-policy training method. The off-policy method in-
volves using a behavior policy, denoted as ‘b’, to gather 
data. This collected data is then employed to optimize a 
separate target policy, denoted as ‘π’. Within the 
off-policy method, the policy update process incorpo-
rates the importance sampling technique. This tech-
nique utilizes the sample data generated by the behavior 
policy to compute the expected value of the probability 
distribution produced by the target policy. The specific 
calculation formula is as follows: 

1 1

1

: 1 1 1
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 

 

 

 
 (10) 

where ρ denotes the probability density; while S and A 
correspond to the state set and action set of the policy, 
respectively; the symbol p stands for the state transition 
probability. Despite the trajectory of the policy execu-
tion action being associated with the state transition 
probability, the ratio of the target policy to the behavior 
policy can negate the influence of environmental factors. 
Consequently, ρ is solely determined by the behavior 
policy, the target policy, and the corresponding trajec-
tory, rendering it independent of the Markov decision 
process [24]. 

In reinforcement learning that employs value iteration, 
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the state value function under a given policy, denoted as 
π, can be computed using the subsequent formula: 

( ) [ | ]t tV s E G S s 
                    (11) 

where ( )V s  represents the expected value of the ex-

pected reward that can be obtained by starting from state 

s and following policy π; Gt represents the sum of the 

rewards obtained by the agent from the beginning of 

time t to the end of a phase; Eπ denotes the value ex-

pectation under policy π. Regarding state value calcu-

lation, the primary computation method hinges on the 

relationship between the value of the current state and 

that of the subsequent state. Based on the importance 

sampling technique and the Bellman equation, the en-

suing value formula can be derived: 

'

'( ) ( | ) ( | , )[ ( | ,' ') ( )]
a A s S

V s a s p s s a r s s a V s  
 

    

(12) 
where r denotes the environmental reward; while s and 
s' correspond to the current and subsequent states of the 
environment, respectively; the symbol a signifies the 
agent’s action; and γ is the discount factor. Conse-
quently, we can ascertain the state value of any policy, 
denoted as π, based on the sample data derived from 
various behavior policies, denoted as b. This establishes 
the theoretical foundation for the application of the 
Dyna framework in reinforcement learning algorithms 
that utilize the off-policy method. Q-learning, a quin-
tessential reinforcement learning algorithm, employs 
the off-policy method for value updates. Despite its 
simple architecture and minimal computational re-
source requirements, it offers extensive application 
potential and research value. 

B. Q-learning 

Q-learning is a model-free reinforcement learning 
algorithm based on value iteration. It maintains a 
Q-value matrix containing state-action values of the 
real-time interaction with the environment. The Q-value 
matrix is calculated as: 

1
A

( , ) ( , ) ( max ( , ) ( , ))t t t t
a

s a s a r s a s a 


   Q Q Q Q (13) 

where Q is the state-action value matrix. The optimiza-

tion process of the Q-values is updated as follows: 
' '

1 , ,
A

, : ( , ) ( max ( , ))s s

t s a s a t
a

s

s a s a r s a






  Q P Q    (14) 

where P represents the state transition probability ma-
trix and Q* is the optimal value function. For any state s 

and action a, Q* is dependent on arg maxa tQ . This 

could result in significant overestimation of the Q value.  
In the case of sufficient historical data, the combina-

tion of the Dyna framework with Q-learning allows the 
agent to update various state-action values via the data 
extracted from the buffer, thereby accelerating the 
learning process. However, after multiple updates within 
a single iteration, the accumulation of the Q-value 
overestimation could result in system instability. 

To address the problem of Q-value overestimation, a 
DQL is introduced which can decouple the maximum 
value and related index between different estimators 
during the agent learning process. The update of the 
Q-value in the DQL is calculated as:  

*

A A B *

A

( , ) ( , ) ( , )( max ( ', )

( , ))
a A

s a s a s a r s a

s a

 
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s a s a s a r s b
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 


   Q Q Q

Q
(16) 

After the obtained current state ts , the agent selects 

the optimal action from the action set A via the ε-greedy 
policy, described as:  

arg max ( , ),    1

( , ),     
k

t k
a A

t

t r

s a
a

s a








 


Q

Q
                   (17) 

This indicates that the agent can acquire the action 
with the highest Q-value with a probability of (1 ) , 

and select a random action ra  in the action set A with a 

probability of ε. 

C. Dyna-DQL 

The flowchart of the Dyna-DQL strategy is illustrated 

in Fig. 3. 

 
Fig. 3.  The flowchart of the Dyna-DQL strategy. 
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The developed Dyna-DQL can improve the deci-

sion-making performance of the agent by employing 

experience replay and avoiding Q-value overestimation.  

During the experience replay, N randomly sampled 
environmental simulation data are used to update dif-

ferent Q-values. This can significantly improve the 

efficiency of the Q-table updates. The introduction of 

the DQL can avoid the problem of Q-value overesti-

mation in each update process, making the algorithm 
more stable. 

Ⅳ.   DESIGN OF AGC SYSTEM BASED ON DYNA-DQL 

ALGORITHM 

A. AGC System Control Performance Standards 

The control performance standards (CPS) were pro-
posed by the North American Electric Reliability Cor-
poration to evaluate regional power grids [18]. The CPS, 

ACE and grid frequency deviation ( )f  are monitored 

in real-time, stored and calculated as the input state 
variables of the controller in the AGC system. The 
Dyna-DQL controller can optimize and update the 
Q-value function based on the state variables and en-
vironmental rewards, and outputs the control power 
commands to maintain grid stability. The specific cri-
teria are summarized as: 

1) If CPS1 ≥ 200% and CPS2 is at any value, the 

CPS criteria are met. 

2) If 100% ≤ CPS1 < 200% and CPS2 ≥ 90%, the 

CPS criteria are met. 
3) If CPS1 < 100%, the CPS criteria are not met. 

4) If f ∈ (49.80, 50.20) Hz, the frequency criterion is 

met. 

B. Reward Function and Actions Setting 

To fully consider the impact of ACE and CPS criteria, 

the weighted values of ACE and CPS1 are used as the 

reward function for the regional power grid, given as: 

2 CPS1

ACE

(1 ) ( )
( ) [ ( )]

1000

S t
R t S t





            (18) 

where ACE ( )S t  and CPS ( )S t  are the instantaneous values 

of the ACE and CPS1 at time t, respectively; while η is 
the weighting coefficient (set as 0.5 here). In the 
standard test case used in this paper, the AGC control 
period is 4 s, and the secondary delay is 20 s. 

For the implementation of the proposed algorithm in 

the AGC system, the action space of the continuous 

system is discretized. The agent’s action set is estab-

lished as [-50:10:50] to facilitate effective control. 

C. Parameter Settings 

The involved parameters are set as follows.  
1) Learning rate α (0 1)＜ ＜ : Determine the con-

fidence level of the update process. Here, α is set to 0.1. 
2) Discount factor γ (0 1)＜ ＜ : Determine the 

weight between the current and long-term rewards. Here, 
γ is set to 0.95. 

3) Exploration rate ε (0 1)＜ ＜ : The action is se-

lected with the highest Q-value in the current state with 
a probability of (1 ) , and a new action with a prob-

ability of ε is explored. In the simulation, ε is set to 0.9. 

4) Environmental information samples N: The 

amount of the sampled environmental information and 

the number of the consecutive updates in each iteration. 

Here, N is set to 20. 

Ⅴ.   CASE STUDY 

A. The Improved IEEE Standard Two-area Model 

An SMES unit (seen in Fig. 4) is integrated into the 

IEEE standard two-area model [25] to form an im-

proved two-area LFC model, as demonstrated in Fig. 5. 

 
Fig. 4.  The simulation model of the SMES unit. 

 
Fig. 5.  The improved IEEE standard two-area LFC model. 
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In Figs. 4 and 5, Δf is the frequency deviation, sP  

represents the output power of the SMES unit, 

 1 2 3 4 s, , , ,T T T T T  are the time constants of the SMES 

unit, and sK  is the gain coefficient of the SMES unit. 

Detailed parameters are listed in Table I. gT  is the time 

delay constant of the thermal power unit governor, Tt is 

the time constant of the thermal power unit, pT  is the 

time constant of the frequency response function, and 

pK  is the coefficient of the frequency response function. 

tieP  represents the tie-line exchange power, and 12T  is 

the time constant of the tie-line. 

TABLE Ⅰ 

COMPARISON OF UNIT MODEL PARAMETERS 

Unit Parameters 

Thermal power unit g t0.08, 0.03T T   

SMES unit 

s s

1 2

3 4

0.0665, 0.001,

0.1, 0.0665,

0.0661, 0.099

K T

T T

T T

 

 

 

 

B. Pre-learning 

Reinforcement learning is a trial-and-error learning 

process, so that the Dyna-DQL controller should go 

through a process of random exploration and tri-

al-and-error learning, known as pre-learning before it is 

deployed on the online operation. In this paper, the four 

algorithms of Dyna-DQL, Dyna-Q, RUQL and QL are 

used for performance comparison. The models of the 

two areas are subjected to continuous sine signals with a 

period of 1200 s and amplitude of 1000 MW. The as-

sessment period is set to 30 000 s to guide the agent to 

make the optimal decisions. The results of the 

pre-learning process for the four algorithms are illus-

trated in Fig. 6. 

It can be seen from Fig. 6(a1) that during the 

pre-learning phase, the actual load curve can be well 

followed after 2500 s, 4000 s, 4000 s and 7000 s via the 

Dyna-DQL, Dyna-Q, RUQL and Q-learning controllers, 

respectively. Dyna-DQL has the shortest pre-learning 

time and a smoother curve. The frequency fluctuation of 

the Dyna-DQL controller during the initial phase of the 

pre-learning remains within 0.2 Hz (see Fig. 6(b1)), and 

after approximately 2500 s of the trial-and-error learn-

ing, the frequency deviations in area A and area B sta-

bilize within 0.01 Hz. The actual operational curves in 

Fig. 6(b2) indicate that Dyna-DQL can maintain the 

frequency error within 0.005 Hz from the beginning, 

meeting the frequency criteria within the area. Fig. 6(c1) 

indicates that the ACE of Dyna-DQL quickly converges 

within ±5 MW after experiencing two significant fluc-
tuations during the pre-learning phase. In the actual 

operational phase of Fig. 6(c2), Dyna-DQL can also 

maintain the ACE within ±2 MW from the starting point. 

Similarly, the pre-learning curves in Fig. 6(d1) demon-

strate that the maximum error of the CPS1 indicator for 

Dyna-DQL is around 140% or 170%, which is reduced 

to within 0.005% after approximately 2500 s. During 

the online operation shown in Fig. 6(d2), Dyna-DQL 

can also maintain the CPS1 within 200% from the be-

ginning. 
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Fig. 6.  Comparison of the pre-learning performance of different 

algorithms. (a1) The pre-learning load curves. (a2) The load 

curves during the actual operation. (b1) The pre-learning of the 

frequency curves. (b2) The frequency curves during the actual 

operation. (c1) 10-min average ACE during the pre-learning. (c2) 

10-min average ACE during the actual operation. (d1) 10-min 

average CPS1 during the pre-learning. (d2) 10-min average CPS1 

during the actual operation. 

In summary, Fig. 6 indicates that there are significant 

fluctuations in the frequency, ACE, and CPS1 indices 

during the formal operation phase via the Dyna-Q, 

RUQL and Q-learning algorithms. While noticeable 

instability can be observed via the Q-learning algorithm, 

Dyna-DQL has powerful and stable frequency control 

performance. To systematically evaluate the control 

performance of the proposed algorithm with a broader 

spectrum of load scenarios, we incorporate step and 

square wave load disturbances in the subsequent simu-

lations to validate the efficacy of the algorithm. 

C. Step Disturbance 

Considering the scenario of sudden load increase 
during actual grid operation, step disturbances are in-
troduced to simulate and test the four algorithms. Figure 
7 displays the load tracking curves with step disturbance, 
where Dyna-DQL exhibits faster rise time and more 
stable load tracking performance in Figs. 7(a) and (b). 
After the stabilization, Dyna-DQL can maintain the 

minimum overshoot with the reduced absolute value of 

the frequency deviation ( /Hzf ) up to 42.24%. Figure 

7(c) demonstrates that the absolute value of the ACE 

control deviation ( ACE /MW ) is reduced by up to 

64.95%, while Dyna-DQL can also achieve a superior 
CPS1 value, as seen in Fig. 7(d). 

 

 

 

 
Fig. 7.  Control performance comparison with step disturbance 
with four algorithms. (a) Load tracking curves. (b) Frequency 
variation curves. (c) 10-min average ACE curves. (d) 10-min 
average CPS1 curves. 
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D. Square Wave Disturbance 

To simulate both regular and sudden load variations, a 

square wave disturbance with a period of 2400 s is in-

troduced for the simulation tests, and Fig. 8(a) illustrates 

the load tracking curves for the four algorithms. It can be 

seen that Q-learning experiences a clear load shedding 

phenomenon. From Figs. 8(b), 8(c) and 8(d), Dyna-DQL 

has significant advantages in maintaining the frequency, 

ACE and CPS1 stability. 

 

 

 

 

Fig. 8.  Control curves with square wave disturbance. (a) Load 

tracking curves with square waves. (b) Frequency variation 

curves. (c) 10-min average ACE curves. (d) 10-min average 

CPS1 curves. 

Compared to the other three algorithms, Dyna-DQL 

can reduce f  between 9.74% to 43.03%, reduce 

ACE  between 1.71% to 44.38% and achieve higher 

CPS1 values. Hence, Dyna-DQL can maintain stable 

control performance even under load uncertainties and 

unclear energy output. 

E. Distributed LFC Model of Central China Power Grid 

in Four Areas 

Here, a distributed power grid model is established 

for the four areas of Hubei, Hunan, Henan, and Jiangxi 

in central China, as demonstrated in Fig. 9. The model 

incorporates various energy sources, i.e., wind, solar, 

thermal and hydro power, diesel generators, biomass 

power generators and energy storage equipment. For 

simplicity, the wind and solar power, and energy stor-

age units do not receive frequency control signals from 

the AGC controller, and are only considered as dis-

turbances. The daily wind data and solar power gener-

ation data are obtained from[26], while the data of the 

thermal and hydro power, biomass power generators, 

diesel generators and energy storage units are modeled 

via the typical transfer function models from[27]. The 

detailed parameters of each unit are listed in Table Ⅱ. 

TABLE Ⅱ 

COMPARISON OF UNIT MODEL PARAMETERS 

Unit Parameters 

Biomass power generator 
SB GB

WB MB

10, 0.08,

5, 0.3

T T

T T

 

 
 

Diesel generator 
SD GD

WF MD

7, 2,

1, 3

T T

T T

 

 
 

Hydro power generator 
gh rs

rh wls wlz

5, 1,

0.5, 5, 0.513

T T

T T T

  

   
 

Considering more realistic operating conditions of 

the power generators, white noise disturbances are in-

troduced in the periodic signals to simulate a series of 

small random fluctuations in the power grid. With an 

assessment period of 30 000 s, the control performance 

of the four algorithms is tested, and Fig. 10 depicts the 

corresponding load tracking curves. As seen, 

Dyna-DQL has a smaller fluctuation range which can 

better track the load disturbances. Comparing the per-

formance indices in Table Ⅲ, Dyna-DQL can reduce 

f  from 4.21% to 79.69%, reduce ACE  up to 

90.04%, and consistently maintain a superior CPS1 

value. Hence, Dyna-DQL can achieve rapid coordinated 

control of the distributed power grids, and balance the 

electric rate with standard performance satisfaction.  
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Fig. 9.  Distributed LFC model of the four areas based on the central china power grid. 
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Fig. 10.  Load tracking curves under random white noise dis-

turbance. 

TABLE Ⅲ 

CONTROL PERFORMANCE OF THE FOUR AREAS WITH RANDOM 

WHITE NOISE DISTURBANCE 

Area Algorithms  (Hz)f  ACE (MW)  CPS1(%) CPS2(%) CPS(%) 

Hubei 

Dyna-DQL 0.0010 4.2754 199.9804 99.88 100 

Dyna-Q 0.0015 10.3517 199.9493 99.86 100 

RUQL 0.0019 5.8392 199.9622 99.88 100 

QL 0.0044 7.3248 199.9184 98.89 100 

Hunan 

Dyna-DQL 0.0013 5.0522 199.7524 99.56 99.77 

Dyna-Q 0.0029 12.6432 199.2985 98.95 99.38 

RUQL 0.0025 8.8556 199.5929 99.40 99.74 

QL 0.0064 52.6368 191.6530 92.09 93.30 

Anhui 

Dyna-DQL 0.0012 4.5032 199.8771 99.42 100 

Dyna-Q 0.0014 4.6688 199.8770 99.39 100 

RUQL 0.0046 20.2630 193.3394 98.33 98.82 

QL 0.0047 8.8208 199.8483 98.31 100 

Henan 

Dyna-DQL 0.00091 3.9201 199.9807 99.89 100 

Dyna-Q 0.00095 3.1900 199.9868 99.80 100 

RUQL 0.0016 4.1563 199.9952 99.48 100 

QL 0.0040 5.0694 199.9625 99.88 100 

Ⅵ.   CONCLUSION 

This paper proposes a model-based reinforcement 

learning algorithm, namely, Dyna-DQL, from the per-

spective of an AGC for coordinated control of distrib-

uted power grids. In the developed Dyna-DQL algo-

rithm, the Dyna framework is used to store the envi-

ronmental parameter information and employ experi-

ence replay to update the DQL algorithm at a high fre-

quency. This improves the utilization efficiency of the 

environmental information and accelerates the training 

speed of the agent. The improved IEEE standard 

two-area LFC model and the distributed power grid 

model of the four areas in Central China are used for 

simulation verification. Different types of disturbances 

are applied to the distributed multi-area distributed 

power grid model to confirm that Dyna-DQL can ef-

fectively address the challenging control of the mul-

ti-area and distributed power grids with high penetration 

of renewable energy.  

Nevertheless, the Q-learning-based algorithm 

demonstrates ineffectiveness when dealing with 

high-latitude state-action environments. Thus, in a 

forthcoming investigation, we will shift the focus to the 

use of neural networks and policy gradient algorithms in 

the realm of integrated energy system scheduling. This 

strategic pivot aims to specifically tackle and improve 

on facing the challenges posed by such high-latitude 

state-action environments. 
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