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Data-driven Decision-making Strategies for
Electricity Retailers: A Deep Reinforcement

Learning Approach
Yuankun Liu, Dongxia Zhang, and Hoay Beng Gooi, Senior Member, IEEE

Abstract—With the continuous development of the electricity
market, the electricity retailers, as the intermediaries between
producers and consumers, have emerged in some of the liberal-
ized electricity markets. Meanwhile, the electricity retailer faces
many increasingly significant challenges from the complexities
and uncertainties in both the supply and consumption sides.
This paper applies a data-driven decision-making strategy via
Advantage Actor-Critic (A2C) and Deep Q-Learning (DQN) for
the electricity retailers. The retailers’ profits and consumers’
costs are both taken into account. This study verifies that the
applied data-driven methods can handle the decision-making
problem as well as promote the profitability of retailers in the
electricity market. Furthermore, A2C is more appropriate than
DQN in our simulation. The effectiveness of the applied data-
driven methods is validated by using real-world data.

Index Terms—Artificial intelligence, electricity market,
demand response, smart grid.

I. INTRODUCTION

IN response to challenges from technology, economics, and
policy, modern power systems are progressively under-

going restructuring. The reforming of the electricity market
has attracted significant attention during this process. The
emerging electricity power market has been considered to be
not only instrumental in improving efficiency throughout the
whole power industry, but also in optimizing the grid opera-
tion [1]. The electricity retailers, as intermediaries between
electricity power producers and consumers, have emerged
in many liberalized electricity markets, supporting market-
oriented transactions as well as promoting the development
of new technologies, such as the energy Internet and demand-
side management [2].

There are two types of electricity prices in the electricity
market: wholesale pricing and retail pricing. The electricity
retailers purchase electricity from the wholesale market and
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publish their retail prices to the customers, as well as pay
transmission and distribution costs to the grid companies. The
brief structure of the electricity market with retailer companies
is shown in Fig. 1. Such a structure contains increasing
complexities and uncertainties in both the supply and retail
sides, which is a challenge that affects the retailers’ profit. As
independent entities, there are many decision-making prob-
lems for electricity retailers. Many retailers do not belong
to either a power generation company or a power supply
company. The customer side becomes their primary resource
that can be controlled and mobilized [3].

Demand response (DR) is one of the essential means for
retailer companies to mobilize and influence users’ electricity
consumption patterns. There are two types of DR which are
widely discussed: the price-based and the incentive-based [4].
The incentive-based DR program provides some incentives
to encourage customers to change their consumption, while
the price-based DR program publishes time-varying electricity
prices to motivate the adjustment of electricity consumption.
The price-based DR strategy is more suitable and applicable
in the electricity spot market, which becomes an increasingly
critical component in the whole system [5].

Electricity retailer

Power generation Power grid Customer

Power flow

Money flow

Fig. 1. Structure of electricity market with retailer company.

The advancement and development of digitalization in the
smart grid and electricity market offer an application possibil-
ity of data-driven algorithms [6]. Data analysis and machine
learning technology should be an effective tool for retailers to
make their decisions to defend their risks in the execution of
transactions [7].

Many scholars have investigated these topics. Reference [8]
systematically introduced the decision-making problem under
uncertainties in the electricity markets. Reference [9] surveys
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the progress on the decision-making process of electricity
retailers. The decision-making strategy for the retailer is a
complex process, which includes load forecasting, energy
procurement, and retail pricing strategies, etc. Load forecasting
is an essential prerequisite for these strategies. When the
load forecasting is completed, the retailer needs to establish
its optimal energy procurement incorporating various internal
and external factors. Then the retailer resells the power to
customers through various retail pricing strategies. There are
many factors in the whole process, and we simplify it into
three parts: load forecasting, energy procurement, and retail
pricing strategies.

1) The load forecasting is an essential basis for making
the optimal decision. There have been extensive studies in
short-term load forecasting, such as extreme learning machines
(ELM), support vector machines (SVM), as well as linear
regression which have been applied [10]–[12], while the
probabilistic method and semi-parametric model were applied
in the long-term load forecasting [13], [14]. The prediction
accuracy has been guaranteed in some specified scenarios
by these methods. Due to the limitation of data quality and
the influence of many variables, in the real electricity power
market, this problem is still a difficulty for the retailer.

2) The energy procurement process is a crucial step in
decision-making. There are many types of studies in this
related area. Reference [15]–[18] focused on the sources of
the energy. Reference [19] analyzed influencing factors in the
procurement process and [20], [21] developed a purchasing
optimization strategy. The methods mentioned above are all
effective, but they lack generality in different situations.

3) The retail pricing strategy is one of the core challenges
for the retailer to promote profitability. Reference [22] inves-
tigated and summarized retail pricing strategies. Among the
many strategies, the price-based DR strategies are considered
to be practical tools for the electricity retailers, which have
been explored in existing publications. Reference [23], [24]
applied the day-ahead prices and DR model to implement
the optimal scheduling, which is based on the given pricing
information. It suffers the shortcomings of an inability to
handle the dynamics and uncertainties in the environment. To
accommodate these weaknesses, the study in [25] designed a
novel method for the integrated energy microgrid electricity
retailer via a dynamic pricing strategy with DR. The study
in [26] used the Stackelberg games to deal with the problems
in dynamic pricing strategy with DR. The implementation of
these methods relies on the fixed and abstract model, but
lacks adaptability to cope with the dynamic and complex
environment.

Due to advances in artificial intelligence, represented by
Google’s AlphaGo [27], the data-driven methods are regarded
as a possible solution for the electricity retailer. Many scholars
have made active and productive explorations. Reference [28]
proposed a retail pricing algorithm via reinforcement learning,
in which the customers manages the electricity consumption
based on the observed price to reduce their costs. Refer-
ence [29] designed a reinforcement learning based dynamic
pricing demand response algorithm in a hierarchical electricity
market. Reference [30] applied a novel game-theoretic ma-

chine learning method and proposed a bi-level optimization
model between customers and retailers.

In this paper, we propose a data-driven decision-making
strategy for the electricity retailer. We apply the Advantage
Actor-Critic (A2C) and Deep Q-Learning (DQN) as the algo-
rithms. They both belong to the Deep Reinforcement Learning
(DRL), which deals with the uncertainty of the customers’
consumption and the flexibility of wholesale electricity prices.

The main contributions of our study are as follows:

• A2C and DQN are adopted to be the data-driven decision-
making strategy for the electricity retailer. The results of
the two algorithms are compared with each other.

• In the process of method implementation, we set up the
retailer as an agent with a decision-making framework,
in which the retailers’ profits and consumers’ costs are
both taken into account.

• To validate the performance of the applied DRL algo-
rithm, we compare the results with Q-learning, which is
a classic reinforcement learning algorithm.

The rest of this paper is organized as follows: A brief
overview of the applied algorithms is explained in Section II.
In Section III, the research problem is described in mathe-
matical formulas. Results and discussions are presented in
Section IV. In Section V, conclusion and future work are
presented.

II. BACKGROUND AND APPLIED METHOD

Artificial intelligence technologies such as deep learning,
reinforcement learning and deep reinforcement learning have
been applied in the field of power systems [31]. In this section,
we provide a brief overview of DL, RL, and DRL. The
proposed methods of DQN and A2C are explained in detail.

A. DL, RL and DRL

Deep learning is a representative algorithm of machine
learning [32]. The advantage of this algorithm is to extract fea-
tures from uncertain systems by multi-layer neural networks
training. Deep learning has been developed by many improved
well-known formal algorithms [33]–[35]. Fig. 2 shows the
basic structure of DL.
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Fig. 2. Deep learning structure.
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Reinforcement learning is another representative algorithm
of machine learning. The advantage of reinforcement learning
lies in dynamic feedback, not prior knowledge, which is
different from deep learning algorithms. The agent realizes
the optimization function through the interaction with the
uncertainty’s environment in response to dynamics [36]. Fig. 3
shows the basic structure of RL [37].

ActionObservation Rewards

Agent

Environment

Fig. 3. Agent and Environment in RL.

DRL integrates the advantages of DL into RL. It has the
advantages of the two algorithms and has the application
prospect [38].

B. Deep Q-learning (DQN)

Q-learning is one of the basic structures of reinforcement
learning. In the continuous interaction with the environment,
the Q value achieves optimization and update:

Q(st, at)← Q(st, at) + α(Rt+1+

λmax
a
Q(st+1, a)−Q(st, at)) (1)

Formula (1) describes the process of this update. In (1),
Rt+1 + λmax

a
Q(St+1, a) is the expected reward as optimiza-

tion objectives corresponding actions and states. In order to
overcome the shortage of state and action storage space, an
improved method is proposed [38], which is shown in (2).

Q(s, a, ω) ≈ Qπ(s, a) (2)

In (2), parameter ω is the focus adjustment, which shows the
value function and its specific strategy. Through this design,
the main goal is transformed into solving ω in (3):

L(ω)=E
[(
Rt+1+λmax

a′
Q (st+1, a

′;ω′)−Q (st, a;ω)

)2]
(3)

Then, the objective function (or loss function) is optimized
by the optimization method to gradually approximate the
parameters and realize the model training.

C. Advantage Actor-Critic (A2C)

Temporal-difference learning is a branch of reinforcement
learning. It is divided into two categories: the value-based
and the policy-based method. Q-learning and some of its
improvements are value-based techniques.

The Actor-Critic method can be regarded as a framework or
a class of algorithms with parameterized “Actor” and “Critic”
components. The “Actor” component is a policy function
πθ(a|s) with θ as the parameter, which is the basis of the
agent’s action. The “Critic” component is a value function that

estimates the action-value function to guide the action during
training.

Qw(s, a) ≈ Qπθ (s, a) (4)

There are two sets of parameters in the Actor-Critic method,
where the “Critic” component updates the action-value func-
tion parameter w in (4). The “Actor” component updates the
strategy function parameter θ according to the value obtained
in the “Critic” component. The Actor-Critic method follows
an approximate policy gradient in (5).

∇θJ(θ) ≈ Eπθ [∇θ log πθ(s, a)Qw(s, a)] (5)

The value-based methods are susceptible to digital jitter
caused by state changes, resulting in high variability. The
policy-based method is directly solved in the policy space,
which is smoother than the value-based method. However,
for various reasons such as insufficient sampling, significant
variance, the policy-based method can easily collapse to a
local solution. Actor-Critic can better balance both the value
and policy and performs well in a continuous space. The
Actor-Critic method is represented in Fig. 4, which is inspired
by [39].

Environment
Value
function

Policy

State

Critic
Actor

Action

Reward

TD
error

Fig. 4. Actor-Critic method.

The Actor-Critic method should be viewed as a “family”
of related techniques. Advantage Actor-Critic (A2C) is an
improvement algorithm of the Actor-Critic method. The Ad-
vantage Function Aπθ (s, a) is proposed to update the gradient
in (6). The gradient of the objective function is changed
from (5) to (7). It is verified that the advantage function can
significantly reduce the variability of the results [40].

Aπθ (s, a) = Qπθ (s, a)− V πθ (s) (6)
∇θJ(θ) ≈ Eπθ [∇θ log πθ(s, a)Aπθ (s, a)] (7)

III. PROBLEM FORMULATION

In our study, the decision-making strategy for electricity
retailers can be summarized as a mathematical optimization
problem, accompanied by a complex environment with the
uncertainty of the customers’ consumption and the flexibility
of wholesale electricity prices.
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A. Dataset Characteristics and Analysis
In this research, the data primarily consists of two parts.

One part is the wholesale price, and the other part is the load
profile.

The real-world price data of the Singapore electricity whole-
sale market is used in our simulation. Because most of the
power electricity in Singapore comes from natural gas gener-
ation, the high dependence on imports causes the electricity
price to be profoundly affected by the international natural
gas market. The electricity price is volatile and fluctuates
according to the variation in the natural gas market.

The wholesale price data of Singapore is suitable to validate
the algorithm’s generalization performance and robustness.
The Singapore electricity spot market updates its price every
half hour, and some examples are shown in Fig. 5. For the
load profile, the large real-world open-source dataset recorded
by Pecan Street. Inc. is used here. The dataset contains
electrical sub-metering, accumulated over many years. Based
on the analysis of priorities and characteristics, the load profile
can be classified as base load and shift load. Base load,
which does not have the ability to reduce and shift, can
be regarded as a fixed demand for electricity usage. Apart
from base load, the shift load is affected by electricity price.
The actual consumption may decrease with the increase of
the price. The data here is collected every 15 minutes. Data
collection frequency is different from the frequency of the
electricity price data (30 minutes). In order to be consistent
with the electricity price data, we deal with this problem in
mathematical processing, including merging the time adjacent
data. Some samples are shown in Fig. 6. In the dataset, we
regard the air conditioner and heater as two shift loads.

There are complex relationships among the wholesale price,
retail price, energy demand, and actual load consumption.
The impact of electricity prices on load consumption can
make a statistical summary or mathematical assumption. Many
scholars have conducted studies in this area. Inspired by [41],
we defined this relationship as:

P sa
t,n = P sd

t,n

(
1− ξ

λrt,n − λwt
λwt

)
(8)

In (8), P sa
t,n, P

sd
t,n are the actual load consumption of the

shift load and energy demand of the shift load respectively,
where t ∈ {1, 2 . . . T} denotes time slot t, T is the final
time slot of a day (T = 48 in Singapore electricity spot
market), and n is the customer’s number. λrt,n, λ

w
t are the

retail price and wholesale price respectively, where λrt,n > λwt
in normal market situations. ξ is the elasticity coefficient,
which is extensive investigated by many existing papers [42],
[43]. The detailed discussion and analysis of the elasticity
coefficient will not be presented in this paper.

B. Objective Function and Constraints

From the perspective of competition, the retailer company
should obtain more consumers to expand their commercial
influence. The market share largely depends on the ability
to reduce the cost for consumers. Meanwhile, the retailer
company needs to make a profit in order to survive. This is a
dilemma for the decision-making of the retailers, which needs
to be judged and weighed carefully. In order to solve the above
contradictions, the retailers’ profits and the consumers’ costs
are both taken into account in our design of the objective
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function.

min
T∑
t=1

N∑
n=1

[λrt,nPt,n + µt,n] (9)

Formula (9) is about the customer’s costs and can be

regarded as a significant factor in developing clients for the
retailer. Giving more benefits to consumers is an effective tool
for expanding the market share. In (9), Pt,n is the actual
consumption including the base energy P bt,n, and the actual
consumption in the shift load P sa

t,n, which is Pt,n = P bt,n+P
sa
t,n.
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As the adjustment of the electricity consumption may lead
to discomfort and inconvenience, many scholars deal with
this complex subject in the modeling method or quantifica-
tion method. Inspired by existing research, we set up the
dissatisfaction cost function in (10), where α is the constant
parameter, β is the preference value varying among different
customers, and δ is the customers’ stickiness varying among
different retailers.

µt,n = α
(
P sd
t,n − P sa

t,n

)
+

β2

4

(
P sd
t,n − P sa

t,n

)2 − δ (P sd
t,n − P sa

t,n

)
(10)

Formula (11) is about the retailer’s profit. It can be regarded
as a significant factor in ensuring the survival and routine
operations for the retailer.

max
T∑
t=1

N∑
n=1

(λrt,n − λwt )Pt,n (11)

Formulas (9) and (11) represent two main aspects of the
retailer company. In our study, we use a parameter θ, to
quantify the propensity of decision making.

max
T∑
t=1

N∑
n=1

[
θ
(
λr
t,n
− λwt

)
−

(1− θ)
(
λrt,nPt,n + µt,n

) ]
(12)

Formula (12) is the combination of (9) and (11). The
parameter is determined by the market environment and re-
tailer company’s strategy. This scenario can be summarized
as a multi-objective optimization problem. The formula (9),
(11) and their combination (12) should be integrated into the
strategic decision problems, which follows the discrete finite
horizon Markov decision process (MDP). First, the agent is
an arbitrarily initialized value-function. Then at each time slot
t, the agent selects and executes an action λrt,n (which is the
publication retail price) at state S(λwt , P

sd
t,n).

After the above steps, the agent observes a reward
Rt(λ

r
t,n

∣∣λwt , P sd
t,n) = θ(λr

t,n
− λwt )− (1− θ)(λr

t,n
Pt,n+µt,n)

and new state S(λwt+1, P
sd
t+1,n). This is a iterative process until

maximum rewards.

C. Implementation Details

The main advantage of RL or DRL is that the agent
can learn via the default environment and can adapt to a
dynamic environment. After the model is completely trained
using the off-line database, it can be exploited on-line in a
real environment. A framework for implementation of the
algorithm applied in decision-making and control is illustrated
in Fig. 7.

There are two parts of the framework: training and execu-
tion. The training part is the main content of this research.
The training part oversees learning the knowledge and the
execution part and puts the learned knowledge into practice
to make optimized decisions in a real physical environment.

A decision-making framework of electricity retail is illus-
trated in Fig. 8. Agent, environment, reward, and action are the
four essential parts in RL or DRL. The details of the algorithm

implementation will also be explained according to these four
parts.

Off-line database

Agent

ObservationsReward

Action

Monitor

Real environment

Greedy
agent

Action

Control strategy

Training
section

Execution
section

Fig. 7. A likely framework for RL in optimization decision and control.

Electricity retailer Customer

Wholesale electricity market

Reward

State

Action

Fig. 8. The decision-making framework of electricity retailer.

1) Agent
The electricity retailer is regarded as an agent, which

interacts with the environment and performs actions in order
to maximize future rewards. In some cases, the optimal actions
from the agent depend on the environment and rewards.

The conventional retailer tends to predict the price and
load in advance. According to the different transaction types,
such as medium-term trading, long-term trading, and spot
market trading, the retailer correspondingly makes the energy
procurement process and retail pricing strategy. Our proposed
method aims at facilitating decision-making in the electricity
spot market. By observing the environment (both upstream’s
market and downstream’s user), the agent adaptively publishes
the dynamic retail electricity price to the customers.
2) Environment

The environment, in this test, primarily contains two parts:
one is the load demand profiles from the customers’ side and
the other is the wholesale electricity prices from the market
side. The state vector of the agent is St = [λwt , P

sd
t,n]. The

agent continually adapts to the environment to converge on
the optimal results.
3) Reward

The design of the rewards follows our proposed objective
function. Rewards are classified into three types to present: the
customers’ costs, the retailers’ profits, and the comprehensive
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rewards. The comprehensive reward is the guidance of the
agent. The reward of the agent is as follows:

Rt(λ
r
t,n

∣∣λwt , P sd
t,n) = θ(λr

t,n
−λwt )− (1− θ)(λr

t,n
Pt,n+µt,n).

4) Action
In the electricity spot market, the decision-making of the

conventional electricity retailer can be summarized as two
aspects of the purchase and sale. Since the spot price of the
wholesale market, which is determined by both the supply
side and the demand side of the entire market is complicated
and dynamic, we make a hypothesis to simplify the retailers’
decision-making process. The retailer is regarded as the recip-
ient of the spot wholesale market price and has little influence
on the price. The medium and long-term trading processes
are not within consideration of our study. We assume that the
retailers purchase electricity at the wholesale market price and
issue dynamic prices to consumers. The proposed data-driven
algorithms are the decision-making strategies for this process.
The action in this DRL framework is the optimal price for
the time slots from t = 1 to t = T based on maximizing the
rewards, λr

t,n
= argmaxRt(λ

r
t,n

∣∣λwt , P sd
t,n).

IV. RESULTS AND DISCUSSION

The Q-learning is a classic reinforcement learning algo-
rithm. To validate the performance of the proposed DRL
algorithm, we compare the results with Q-learning. In our
simulation, we adopt three customers’ household electricity
consumption data for six months and the corresponding elec-
tricity price data in the Singapore electricity market with the
same time stamp. For the neural network, three hidden layers
(100 neurons, 512 neurons, and 50 neurons) are built. Two
Rectifier Linear Units (ReLU) and one Sigmoid are applied
as activation functions in the neural networks. The system
parameters are provided in Table I.

TABLE I
SYSTEM PARAMETERS

Parameter Numerical value
Learning rate 0.001
Discount rate 0.95

Exploration rate
Exploration Max 1
Exploration Min 0.1
Decay Rate 0.995

A. Learning Process and Overall Trends

DQN, A2C, and the Q-learning have achieved good training
results as shown in Fig. 9. There are two objectives for the
training process. As one objective is reducing the costs of
the customer, the rewards setting of the customers’ costs are
negative. From the training process aspect, the A2C is more
appropriate than DQN and Q-learning. These three algorisms
are close in the beginning, and then A2C goes beyond the
other two algorithms in the process of evaluation episodes.
The applied algorithms and the classic Q-learning algorithm
can handle this problem.

In addition to the above performance comparison of the
learning process and overall trends, it should be highlighted
that the classic Q-learning has its limitation in large-scale
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problems because the state transition is discretized and re-
quires massive storage space, while the integrated deep learn-
ing method is competent to handle large-scale problems.

B. Numerical Results and Comparison

Figure 10 presents the execution effect of the A2C algorithm
applied to three customers in one sample day. Two indicators
are adopted to evaluate the results of the algorithm. According
to the objective, the retailers’ profit and the customers’ cost
are the essential evaluation indexes.

Table II shows the daily average of optimization results
within 20 days randomly selected by using A2C, DQN, and
Q-learning. In the experiment of three different consumers, the
applied algorithms are useful in the decision-making strategy.
It is verified that the A2C is more suitable to deal with this
problem than DQN and Q-learning in terms of converging to
the optimization objective. After training through our applied
algorithm, the agent can adapt to the dynamic environment and
complete the optimization mission in QL, DQN, and A2C.

TABLE II
DAILY OPTIMIZATION RESULTS IN 20 DAYS

Objective item Q-learning DQN A2C

Consumer 1 Retailer’s profit 10.31 14.15 52.03
Customer’s’ cost −30.35 −85.64 −120.96

Consumer 2 Retailer’s profit 12.64 16.22 47.35
Customer’s’ cost −38.94 −82.30 −94.32

Consumer 3
Retailer’s profit 17.25 18.36 36.34
Customer’s’ cost −52.61 −62.32 −75.74

The load demand profile and the wholesale electricity price
are partial observations for the system. In fact, these states
are significant variables both in upstream and downstream
of the retailer company. In order to further analyze the
impacts from partial observations to the environment, we
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Fig. 10. The execution effect of A2C on three customers in one sample day.
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built another two different scenarios to highlight the com-
parisons. One case provides the additional season and date
information S(λwt , P

sd
t,n, s, d), the other case provides more

information and contains forecasting load (next day) profiles
S(λwt , P

sd
t,n, s, d, P

f
t,n). Table III shows the optimization results

of three case applications using the A2C algorithm.

TABLE III
DAILY OPTIMIZATION RESULTS IN 20 DAYS

Situation Retailer’s
profit

Customer’s’
cost

Situation 1 S(λwt , P
sd
t,n) 23.24 −76.61

Situation 2 S(λwt , P
sd
t,n, s, d) 23.51 −77.20

Situation 3 S(λwt , P
sd
t,n, s, d, P

f
t,n) 25.16 −82.83

From Table III, we first observe that the differences in the
state vector have an impact on the decision process. Second,
it can be observed that more useful information adding to the
agent can improve the results. Third, as the partial observations
indicate, applying the load demand profile and the wholesale
electricity price can achieve the optimization work.

V. CONCLUSION AND FUTURE WORK

In this paper, we applied the Advantage Actor-Critic (A2C)
and Deep Q-Learning (DQN) of reinforcement learning in
the decision-making strategy for electricity retailers. The con-
ventional method relied on the abstract model and predicted
information. This is deficient in adaptability to the dynamic
environment. Our applied methods are model-free, which can
be applied to the dynamical environment driven by data.

We used the actual price data in the Singapore electricity
spot market and household load profiles from open-source
data to represent the complexities and uncertainties in both
the supply and demand sides. To validate the performance of
the proposed DRL algorithm, we compared the results with
classic Q-learning. We set up the electricity retailer as an agent
with a decision-making framework. The retailers’ profits and
consumers’ costs are both taken into account

Experimental results illustrate that the Deep Q-learning and
Advantage Actor-Critic are effective in forming the strategies
of the retailer’s company. It shows that the Advantage Actor-
Critic is more suitable for dynamic optimization decisions than
Deep Q-learning and Q-learning.

More investigation studies are needed to further research
and examine the mechanism of the proposed algorithm. In the
subsequent research, the analysis of the comparison between
the model-driven and data-driven optimization methods should
be considered especially for their respective advantages in
different scenarios.
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