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a b s t r a c t 

With the large-scale integration of renewable energy generation, developing the potential of de- 

mand response is becoming more and more significant. However, the number of consumers is 

huge, the electricity consumption behaviors are various and the information of consumers is in- 

complete, thus there are great difficulties in modeling and processing demand response by the 

conventional mathematical methods. Therefore, how to accurately predict the response behaviors 

of consumers and select the appropriate consumers for demand response is worthy of in-depth 

discussion. In this paper, the decision-making method of the load aggregators who participant 

in demand response market on behalf of the small and medium-sized consumers based on Deep 

Q-network algorithm is proposed, supporting the aggregators to properly guide the potential de- 

mand response consumers. At the same time, a dynamic consumer classification method based 

on self-organizing maps algorithm is also proposed, supporting the aggregators to accurately pre- 

dict the response behaviors of the consumers. Simulation results show that the proposed method 

can effectively realize the classification of the consumers and result in a more beneficial demand 

response. 

• The proposed method does not require complete information, such as demand response be- 

havior parameters of the consumers. 

• Self-organizing maps can realize a dynamic classification of demand response consumers as 

the case may be. 

• DQN algorithm can effectively realize the demand response decision-making of aggregators 

under the condition of incomplete information. 
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Specifications table 

Subject area: Energy 

More specific subject area: Demand response 

Name of your method: Demand response decision-making with dynamic classification of consumers 

Name and reference of original method: N/A 

Resource availability: N/A 

Method details 

Introduction 

Under the background of large-scale integration of renewable energy generation, the power balance of power system will face
greater challenges. With the deepening of China’s electricity market reform, the participation of demand-side resources in short-term 

electricity trading will become an inevitable trend to ensure the safe and reliable operation of power system and promote the mature
development of the electricity market. Demand response can fully mobilize the enthusiasm of the flexible load on the demand side
through price means, making flexible load quickly respond to the imbalance between supply and demand of power system, and
greatly improve the reliability and economy of grid [ 1–2 ]. 

Previously, demand response optimization and decision-making problem are usually modeled as mathematical programming 
models, and can be classified as linear programming, mixed integer linear programming, nonlinear programming and other models 
according to the different forms of problems. Literature [ 3 ] uses linear programming to model household demand response, and seeks
the optimal energy consumption of various electrical appliances in different time periods to achieve the optimization objective of min-
imizing household electricity cost and waiting time of household appliances. Literature [ 4 ] uses mixed integer linear programming to
model the demand response of residential communities containing renewable energy power generation, and the optimization objec- 
tive is the minimum energy consumption cost of residential communities. In literature [ 5 ], a mixed non-integer linear programming
is used to model and schedule different electrical equipment in a family residence, with the optimization objective of minimizing
energy consumption cost and maximizing electricity consumption comfort. Literature [ 6 ] uses nonlinear programming to realize the 
control strategies of different electrical equipment under different demand response forms. 

However, because of the characteristics of flexible load on the demand side, such as the huge number, the scattered distribution in
space and small monomer capacity, if traditional method based on mathematical programming mode is still used to control numerous
consumers separately, the computational efficiency will be low and the scheduling cost will be high. And in real life, the electricity
consumption behaviors of consumers are diverse, it is difficult to directly obtain the consumer’s response behavior model parameters 
and carry out analysis based on the model directly. Therefore, it is necessary to aggregate the numerous dispersed consumers and
explore a method that does not rely on the traditional mathematical model to aggregate and guide the demand response behavior of
consumer. 

As an important participant in electricity market, load aggregator (electricity selling company) has ability to integrate the demand 
response resources of small and medium-sized consumers. The framework of the two-layer transaction is shown in Fig. 1 . On the one
hand, the aggregator provides opportunities for small and medium-sized consumers to participate in demand response market and 
pursue benefits. On the other hand, the aggregators are professional, they can guide consumers to consume electricity more reasonably
and provide demand response resources for the market. The existing literatures show that machine learning methods have certain
advantages in studying the behavior of market participants. Literatures [ 7 , 8 ] use high-dimensional data perception ability of deep
learning to predict the electricity consumption behavior of market participants, and literatures [ 9–13 ] use reinforcement learning to
determine the optimal trading strategy of market participants. Deep reinforcement learning combines the decision-making advantage 
Fig. 1. Framework of the two- layer transaction mediated by the aggregator. 
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of reinforcement learning with the perceptual advantage of deep learning, enabling it to have the decision-making ability for high-
dimensional data [ 14 , 15 ], and thus has better performance in real-time market transaction decision-making. For example, in literature
[ 16 ], the pricing decision-making of wholesale purchase price and retail price in the electricity market is transformed into a Markov
problem, and DDPG algorithm is used to solve the optimal strategy, which effectively increases the profits of the power producers. In
literature [ 17 ], deep reinforcement learning is applied to determine the demand response of industrial consumers, and the actor-critic
algorithm is used to determine the optimal energy management strategy. Literature [ 18 ] focuses on interruptible loads in electricity
market and constructs an automatic demand response system based on DDQN algorithm. Literature [ 19 ] focuses on the optimization of
power purchase decision-making, using deep neural network to predict price and demand, and using reinforcement learning method 
to solve the optimal decision-making. 

In the demand-side resource transaction of real-time market, the uncertainty of market environment is difficult to describe by
deterministic model. While deep reinforcement learning algorithm has advantages of model-free, perception of high-dimensional 
data and decision-making ability, which enables it to solve the optimal strategy under the condition of incomplete environmental
information. Therefore, this paper proposes dynamic classification of numerous dispersed consumers through self-organizing maps 
(SOMs) algorithm, uses Deep Q-network (DQN) algorithm to select demand response consumers and determine the reward price sent 
to them. Finally, the dynamic classification of demand response consumers is realized and the aggregator can handle the optimal
decision-making. 

The remainder of this paper is organized as follows: Section 2 and 3 introduces the basic behavior of consumers and load ag-
gregator. Section 2 introduces the behavior and data of the consumers participating in demand response. Section 3 introduces the
decision-making behavior of the aggregator. The methods of decision-making of aggregator are proposed in section 4 and 5. Section
4 proposes the method of dynamic classification of consumer response behavior based on SOM. Section 5 proposes the decision-
making method of the aggregator based on deep reinforcement learning. Simulation result and discussion of the proposed method 
are illustrated in section 6. Section 7 and 8 introduce the limitations and conclusion of this paper. 

Behavior and data of the consumers participating in demand response 

Modeling the consumer behavior in demand response 

In demand response market, numerous dispersed consumers participate in market respected by the aggregators. The aggregator 
sends reward price pxt,i to the consumer i , and then the consumer adjusts his electricity consumption behavior according to the
attainable reward, provides demand response volume rest,i . However, due to the differences in electricity demand, preferences and 
sensitivity to electricity price among different classes of consumers [ 20 ], their actual response behaviors are various. 

In order to effectively describe the relationship between the demand response volume rest,i of consumer i and the reward price pxt,i 

sent by aggregator, this paper defines a response behavior function of the consumers considering the different response willingness
of the consumers, based on the quadratic function model of consumer response behavior proposed in previous research [ 21 ]. The
definition is shown in Eq. (1) . { 

𝑟𝑒𝑠𝑡,𝑖 = 𝛼𝑡,𝑖 (𝑝𝑥𝑡,𝑖 − 𝑡ℎ𝑡,𝑖 ) 𝑛 

𝛼𝑡,𝑖 =
𝑞𝑡,𝑖 

𝑚 

(1) 

where rest,i represents the response volume of the i th class consumer in period t. pxt,i represents the reward price sent by the
aggregator to the i th class consumer in period t. tht,i represents the expected reward price of the i th class consumer in period t . If
pxt,i is greater than tht,i , the consumer will provide demand response. 𝛼t,i represents the unit response volume incented by the reward
price. m represents the scale factor between the unit response volume and the electricity consumption. n represents the exponential
relationship between the price and the response volume. The different response behavior of the consumers can be simulated by
adjusting the set value of m, n, 𝛼t,i and tht,i . 

Data generation of demand response behavior 

A large amount of data is required in training the models of DQN and SOMs. Sufficient key data is the basic condition of the
proposed method. Literatures [ 22–26 ] use official databases, survey sampling and other methods to collect the data required for the
model, which provide a good reference for related research that requires a large amount of data. Similarly, this paper uses the demand
response price data provided by the official website of the Henan Provincial Development and Reform Commission, and combines
demand response model established with Eq. (1) to generate the demand response behavior data required for model training. 

(1) Simulation of response characteristics of different consumers 
Due to the factors such as lifestyle and work arrangements, the electricity consumption profile of the consumers varies during the

day. Concisely but generally, this paper sets m = 12, n = 1, which means the response volume of consumer rest,i is linearly correlated
with the reward price tht,i . 

Because of the factors such as one’s own economic level and lifestyle, each class of the consumers expect different reward price
tht,i and provide different response volume by the reward price 𝛼t,i . Since there is no large-scale open access data set of small and
medium-sized consumers participated in demand response market, this paper uses the Monte Carlo simulation method to generate 
response behavior data of 10,000 consumers, according to the demand response model of consumer described in Eq. (1) and the
actual electricity consumption patterns of small and medium-sized consumers [ 27 ]. 
3 
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Table 1 

The range of bidding volume and bidding price of 

the aggregator. 

Period Bidding volume (MW·h) Price( Y− /kW·h) 

t1 [− 22,− 18] [12,52,13.52] 

t2 [20,24] [13.00,14.08] 

t3 [30,36] [16.00,18.26] 

t4 [24,28] [14.08,15.32] 

t5 [28,32] [15.32,16.72] 

t6 [− 24,− 20] [13.00,14.08] 

 

 

 

 

 

 

 

 

 

 

 

The parameters 𝛼t,i and tht,i of the consumers are set to obey normal distribution, and the mean and variance of the normal
distribution corresponding to different class of consumers are different, which reflects the different response characteristics. The 
adopted normal distribution is shown in Eq. (2) . 

⎧ ⎪ ⎪ ⎨ ⎪ ⎪ ⎩ 
𝑓

(
𝛼
𝑡,𝑖 

)
= 1 √

2 𝜋𝜎𝛼,𝑖 
exp 

[ 

−

(
𝛼
𝑡,𝑖 
−𝜇𝛼,𝑖 

)2 
2 𝜎2 
𝛼,𝑖 

] 

𝑓

(
𝑡ℎ
𝑡,𝑖 

)
= 1 √

2 𝜋𝜎𝑡ℎ,𝑖 
exp 

[ 

−

(
𝑡ℎ
𝑡,𝑖 
−𝜇𝑡ℎ,𝑖 

)2 
2 𝜎2 
𝑡ℎ,𝑖 

] 

(2) 

where 𝜇 represents expectation and 𝜎 represents standard deviation. 
(2) Division of response periods 
In order to show the mechanism of the proposed method in a compact way, this paper divides a day into 6 periods, and the

response pattern of each consumer differs in these 6 periods, therefore the solving speed and the diversity of response patterns can
be balanced. 

To better reflect the real response patterns of the consumers, this paper assumes that the price elasticity of a group of consumers
which is composed of 500 consumers varies periodically, that is, the peak value of price elasticity sequentially appears at the 6
periods. 

Decision-making behavior of the aggregator 

The bidding of the aggregator in the wholesale market 

In the wholesale market, if the bid volume of the aggregator is Dt , and the bidding price of the aggregator is Pt in period t , then
the relationship between Dt and Pt can be expressed by supply function as shown in Eq. (3) . 

𝑃𝑡 = 𝑓−1 
𝑠 

(𝐷𝑡 ) (3) 

The reward price of demand response is set to 12–18 | Y− /kW· h in this paper, referring to the demand response market rules of
Henan Province, China [ 28 ]. And the supply function (3) is expressed in detail as Eq. (4) . 

𝑃𝑡 = 10 + 5 × 10 −5 ×𝐷𝑡 + 5 × 10 −6 ×𝐷2 
𝑡 

(4) 

If the bidding volume Dt of the aggregator meets the transaction requirements and the bidding price Pt doesn’t exceed the clearing
price Psm 

of the market, then the aggregator can win the bid. The winning conditions are shown in Eq. (5) . 

𝐷min ≤ 𝐷𝑡 ≤ 𝐷max 

𝑃𝑡 ≤ 𝑃sm (5) 

where Dmax and Dmin are the maximum and minimum limits of bidding volume. 
Considering the uncertainty of market transactions, this paper sets the bidding volume of aggregator randomly fluctuate within 

the feasible range in each period. The corresponding range of bid-winning price shown in Table 1 can be calculated by Eq. (4) . The
positive value represents load reduction demand response, while the negative value represents load increase demand response. 

Decision-making of the aggregator about the consumers 

On the other hand, in order to cover his bid-winning volume, the aggregator needs to gain the volume from the consumers whom
he represents. Therefore, the aggregator classifies the consumers according to their response patterns, and then sends appropriate 
reward price to each class of consumer. 

The objective of this decision-making is to maximize the profit Rt of the aggregator when he trades with the consumers during
period t , considering that the bidding volume in the wholesale market can be delivered. The objective function is shown in Eq. (6) . 
4 
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max 𝑅𝑡 = 

𝑘 ∑
𝑖 =1 
𝑅𝑡,𝑖 = (𝑃𝑡 − 𝑝𝑠𝑚 

𝑥𝑡 
)
𝑘 ∑
𝑖 =1 
𝑟𝑒𝑠𝑡,𝑖 

𝑘 ∑
𝑖 =1 
𝑟𝑒𝑠𝑡,𝑖 ≥ 𝐷𝑡 (6) 

where Rt,i represents the profit of the aggregator when the i th class consumers to be selected to participate in demand response. p sm
xt represents the marginal reward price. rest,i represents the response volume of the i th class consumers during period t . Assuming
that the N consumers agented by the aggregator are classified into K classes, and a total response volume from k classes of consumer
can meet the bid-winning volume Dt . 

By substituting Eq. (1) into Eq. (6) , the profits of the aggregator when trading with the i th class consumers can be obtained, which
is shown in Eq. (7) . 

𝑅𝑡,𝑖 = 𝛼𝑡,𝑖 (𝑃𝑡 − 𝑝𝑥𝑡,𝑖 )(𝑝𝑥𝑡,𝑖 − 𝑡ℎ𝑡,𝑖 ) 𝑛 (7) 

By using the substitution method, make 𝑢 = 𝑝𝑥𝑡,𝑖 − 𝑡ℎ𝑡,𝑖 , i.e.𝑝𝑥𝑡,𝑖 = 𝑢 + 𝑡ℎ𝑡,𝑖 , so Eq. (7) can be written as: 

𝑅𝑡,𝑖 = 𝛼𝑡,𝑖 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 − 𝑢 )𝑢𝑛 (8) 

Furtherly transformed, Eq. (8) is obviously a univariate n + 1 ° function of u , specifically: 

𝑅𝑡,𝑖 = −𝛼𝑡,𝑖 𝑢𝑛 +1 + 𝛼𝑡,𝑖 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 )𝑢𝑛 (9) 

Deriving Eq. (9) , the derivation of the aggregator’s profit can be obtained, which is shown in Eq. (10) . 

𝑅′
𝑡,𝑖 
= −( 𝑛 + 1)𝛼𝑡,𝑖 𝑢𝑛 + 𝑛𝛼𝑡,𝑖 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 )𝑢𝑛 −1 (10) 

Let the derivation equals to 0, it can be obtained that 𝑢 = 𝑛 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 ) 
𝑛 +1 , i.e. 𝑝𝑥𝑡,𝑖 − 𝑡ℎ𝑡,𝑖 =

𝑛 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 ) 
𝑛 +1 . Then we can obtain 𝑝𝑥𝑡,𝑖 =

𝑡ℎ𝑡,𝑖 + 𝑛𝑃𝑡 
𝑛 +1 .

Considering Eq. (10) , it can be seen that the derivations are with reverse signs when the value of the independent variable 𝑝𝑥𝑡,𝑖 is on

the left and right side of 
𝑡ℎ𝑡,𝑖 + 𝑛𝑃𝑡 
𝑛 +1 respectively. And when 𝑃𝑡 − 𝑡ℎ𝑡,𝑖 is greater than 0, the derivation on the left side of 𝑝𝑥𝑡,𝑖 is greater

than 0, while the derivation on the right side of 𝑝𝑥𝑡,𝑖 is less than 0. 

Therefore, 𝑝𝑥𝑡,𝑖 =
𝑡ℎ𝑡,𝑖 + 𝑛𝑃𝑡 
𝑛 +1 is the maximum of Eq. (7) when 𝑃𝑡 − 𝑡ℎ𝑡,𝑖 is greater than 0, in other words, the market price for the

aggregator in the wholesale market is greater than the expected reward price of the consumer. 
In summary, it can be concluded that the optimal reward price p max xt,i and the maximum profit R max t, of the aggregator in the

transaction with i th class consumers are shown in Eq. (11) and (12) respectively. 

𝑝max 
𝑥𝑡,𝑖 

=
𝑡ℎ𝑡,𝑖 + 𝑛𝑃𝑡 

𝑛 + 1 
(11) 

𝑅max 
𝑡,𝑖 

= 𝛼𝑡,𝑖 
𝑛𝑛 

( 𝑛 + 1) 𝑛 +1 
(𝑃𝑡 − 𝑡ℎ𝑡,𝑖 ) 𝑛 +1 (12) 

On the other hand, if the aggregator has already sent the optimal reward price to all the classes of consumers, and the response
volume from all the consumers still cannot meet the bid-winning volume, then the aggregator needs to increase the reward price.
When the marginal reward price psm xt continually increases, and finally equals to the market price, the profit of the aggregator in
this transaction is 0. Therefore, it is necessary to impose certain restrictions on the theoretical maximum bidding volume Dmax t of
the aggregator, in order to ensure that the profit of aggregator is not negative, which is shown in Eq. (13) . 

𝐷max 
𝑡 

=
𝐾 ∑
𝑖 =1 
𝛼𝑡,𝑖 (𝑃𝑡 − 𝑡ℎ𝑡,𝑖 ) 𝑛 (13) 

Dynamic classification of consumer response behavior based on SOMs 

Accurately perceiving the response behavior and acceptable reward price of the consumers is important for maximizing profit of
the aggregator. Given the number of consumers, classification of consumers must be done. The demand price elasticity reflects the
price sensitivity of the consumers to commodity demand, which can reflect the demand response ability of the consumers [ 29 ]. 

Affected by living habit, work arrangement and income in real life, the electricity consumption patterns of consumers are different.
And the electricity consumption patterns of consumers may change periodically due to the cyclical factors, such as season and
work schedule. When the electricity consumption pattern of consumers changes, if reward price is still pushed according to the
original classification, consumers will be unable to provide the expected demand response volume corresponding to the reward 
price. Therefore, it is necessary to dynamically classify consumers to accurately obtain the actual electricity consumption patterns of
consumers in real time. SOMs is a kind of neural network that performs a projection of high-dimensional data set from the original
input space to the two-dimensional output space [ 9 ]. SOMs algorithm has unique advantages in the process of high-dimensional data,
complex data distribution, and result visualization. It can clearly present the distribution of consumer classification results, which 
is very suitable for the consumer classification proposed in this paper. Combining the training process of SOMs algorithm with the
network training of DQN algorithm and dynamically classify consumers by SOMs algorithm based on the updated data from the
5 
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experience pool can effectively reflect the changes in the electricity consumption patterns of consumer. So, the decision errors caused
by classification can be reduced. Therefore, SOMs algorithm is proposed to classify consumers dynamically. 

Step 1 Initialization of the weight vector in output layer 
The input layer of SOMs consists of N nodes, representing N consumers. The number of nodes in core layer is set to M , the weight

vector connecting node i in output layer and node j in core layer is represented as Wij ∘
Firstly, assign small random number to each weight vector in output layer and perform normalization processing, obtaining Wij . 

And then establish initial winning neighborhood 𝑆∗ (0) and initial value of earning rate 𝜂. 
Step 2 Input and normalization of the consumer price elasticity 
The equivalent electricity price p’ t for the consumers participating in demand response during the period t is shown in Eq. (14) .

And the consumer elasticity 𝜀t can be derived from Eq. (14) , which is shown in Eq. (15) . 

𝑝′
𝑡 
=
𝑝𝑡 𝑞

′
𝑡 
− 𝑝𝑥𝑡 (𝑞𝑡 − 𝑞′

𝑡 
) 

𝑞′
𝑡 

(14) 

𝜀𝑡 =
Δ𝑞𝑡 
𝑞𝑡 

𝑝𝑡 

Δ𝑝𝑡 
=
𝑞′𝑡 − 𝑞𝑡 
𝑞𝑡 

𝑝𝑡 

𝑝′𝑡 − 𝑝𝑡 
=
𝑝𝑡 𝑞

′
𝑡 

𝑝𝑥𝑡 𝑞𝑡 
(15) 

where pt is the original electricity price in period t. pxt is the average reward price, qt is the baseline electricity consumption of
consumer, and q’ t is the average electricity consumption of consumer after demand response. All the above data are available
historical data. 

The aggregator can continuously calculate and update the electricity demand price elasticity of the consumers according to 
Eq. (15) . The self-elasticity matrix Ei of i th class consumer in different periods is shown in Eq. (16) , which provides the data basis
for classification of consumer response ability. 

𝑬 𝑖 =
[
𝜀1 ,𝑖 , 𝜀2 ,𝑖 , 𝜀3 ,𝑖 , 𝜀4 ,𝑖 , 𝜀5 ,𝑖 , 𝜀6 ,𝑖 

]
(16) 

After normalization, the consumer self-elasticity matrix Ei can be used as input data for the SOMs. 
Step 3 Searching for winning node 
According to competitive learning rule, each input node can only activate one neuron in core layer at the same time, which is

called winning node. The winning node corresponding to consumer i can be calculated by the similarity between nodes in input layer
and nodes in core layer measured by Euclidean distance. The calculation method is shown in Eq. (17) . 

𝑘 = arg max 
𝑗 

||𝑊 T 
𝑖𝑗 
𝐸𝑖 || (17) 

Step 4 Adjustment of weight vector in the winning neighborhood 
The winning neighborhood S(k ) is a weight adjustment field determined with the winning node k as the center. The radius of the

winning neighborhood S(k ) will be assigned a larger initial value, and then gradually contracts during training. The weight vectors
within the winning neighborhood S (k ) will be adjusted according to the input vector. The adjustment method is shown in Eq. (18) . 

𝑊𝑖𝑗 = 𝑊𝑖𝑗 + 𝜂(𝐸𝑖 −𝑊𝑖𝑗 ) ,𝑊𝑖𝑗 ∈ 𝑆( 𝑘 ) (18) 

where 𝜂∈[0,1] is the learning rate, which gradually decreases during training. 
Step 5 Determination of learning rate 
When the learning rate 𝜂 is less than the set value 𝜂min , the training will end. At this point, each node in the input layer will establish

a unique and determined mapping relationship with a node in the core layer, and the input vectors corresponding to adjacent nodes
in the core layer will be considered as the same type, then the classification of consumers based on elasticity characteristics can be
achieved. 

If the end condition is not met, return to step 2 to continue training. 

Decision-making of the aggregator based on deep reinforcement learning 

The agented consumers are numerous and have various electricity consumption behaviors, so it is difficult to build the model
(as shown in Eq. (1) ) which contains the key parameters of response behavior, and support analysis of demand response based on
the complete information model. Because the complete information model means the aggregator can accurately obtain the response 
behavior parameter of consumers in the lower transaction, and the bi-level transaction model can be solved by conventional opti-
mization method. From a mathematical perspective, conventional optimization method is effective only when all parameters of the 
mathematical programming model are known. 

Alternatively, with means of the model-free algorithm of deep reinforcement learning, the aggregator is capable of optimal 
decision-making through training with extensive historical experience. Therefore, this paper uses deep reinforcement learning to 
realize the consumer behavior perception and consumer demand response decision-making for the aggregator. The demand response 
transaction between the aggregator with the consumers is described as the interaction between environment and agent. The profit
of the aggregator can be regarded as the reward. The decision-making ability of agent continuously increases through the training.
Finally, the aggregator can achieve maximum profit by accurately selecting the suitable class of response consumer and incenting
them with the appropriate reward price. 
6 
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Deep Q network (DQN) is used to solve decision-making that maximizes the transaction profit of the aggregator, including rea-
sonable selection of response consumers and modification of reward price. Asynchronous offline learning mode is adopted in DQN,
and experience replay mechanism is used to training neural network. The optimal strategy based on the Q value is evaluated and
improved through 𝜀 -greedy strategy. 

Reward and action setting of the aggregator 

After winning the bid in wholesale market, the aggregator needs to deliver the bid-winning volume of demand response, while
maximizes his profit. Therefore, the aggregator needs to select promising consumers to participate in demand response from numerous
consumers in a local transaction, and reward the selected consumers. 

Action setting of the aggregator 

Summarizing the demand response transaction between the aggregator and the consumers, the action sequence of the aggregator 
is as follows: (1) Select the i th class consumers to participate in demand response from the K -class consumers classified by SOMs; (2)
Determine the optimal reward price pxt,i for the selected i th class consumer. 

The action is shown in Eq. (19) . 

𝑎 = { 𝑎1 , 𝑎2 } 

𝑎1 = 𝑖, 𝑖 ∈ [1 , 𝐾] 

𝑎2 = { 𝑝
𝑥𝑡,𝑖 

− 1 , 𝑝
𝑥𝑡,𝑖 
, 𝑝
𝑥𝑡,𝑖 

+ 1} (19) 

where a1 and a2 represent the selection of the consumers and the determination of the optimal reward price by the aggregator. i
represents the class of the selected consumers. K represents all the classes of the consumers. 

The aggregator executes actions, selects the i th class consumers and sends the reward price pxt,i to the consumers, and then obtains
the possible response volume 𝑟𝑒𝑠∗ 

𝑡,𝑖 
from the consumers. In the j -th interaction, if the undelivered bid-winning volume 𝐷obs 

𝑡,𝑗 
> 0, the

aggregator needs to continue executing action, guides consumers to offer more demand response volume 𝑟𝑒𝑠∗ 
𝑡,𝑖 

, and updates the 

remaining undelivered bid-winning 𝐷obs 
𝑡,𝑗+1 , which is shown in Eq. (20) . 

𝐷obs 
𝑡,𝑗+1 = 𝐷obs 

𝑡,𝑗 
− 𝑟𝑒𝑠∗ 

𝑡,𝑖 
(20) 

The termination condition of aggregator action is the remaining undelivered volume 𝐷obs 
𝑡,𝑗+1 ≤ 0. 

Reward setting of the aggregator 

When the aggregator selects i th class consumers and sends reward price pxt,i to the consumers, the consumers will provide response
volume 𝑟𝑒𝑠∗ 

𝑡,𝑖 
. The action reward of aggregator is defined as Eq. (21) . 

𝑟𝑡,𝑖 =

{ 

−(𝑝𝑡 − 𝑝𝑥𝑡,𝑖 ) , 𝑟𝑒𝑠∗ 
𝑡,𝑖 
= 0 

0 , 𝑟𝑒𝑠∗ 
𝑡,𝑖 
> 0&𝐷obs 

𝑡,𝑗+1 > 0 
(21) 

When the response volume of the consumers 𝑟𝑒𝑠∗ 
𝑡,𝑖 

is 0, the artificially set penalty term will suggest the aggregator that this class
of consumers should not be selected for this condition. When the response volume of the consumers 𝑟𝑒𝑠∗ 

𝑡,𝑖 
is greater than 0, but the

undelivered bid-winning 𝐷obs 
𝑡,𝑗+1 still remains, the action reward of the aggregator is set to 0, making the aggregator continue executing

actions. 
When the undelivered volume 𝐷obs 

𝑡,𝑗+1 is 0, i.e. the aggregator has delivered all the bid-winning volume of demand response, the
aggregator settles with all consumers participating in the demand response transaction based on the clearing price, and obtains the
accumulated reward Rt in this transaction, which is shown in Eq. (22) . 

𝑅𝑡 = (𝑝𝑡 − 𝑝𝑠𝑚 
𝑥𝑡 
)
𝑘 ∑
𝑖 =1 
𝑟𝑒𝑠∗ 

𝑡,𝑖 
+

𝑘 ∑
𝑖 =1 
𝑟𝑡,𝑖 (22) 

If the aggregator has rewarded all the agented consumers in the local transaction, but the gained response volume from the
consumers still cannot meet the bid-winning volume that needed to be delivered, then the aggregator needs to increase reward price
for the consumers, along with a loss of profit, which is shown in Eq. (23) . 

𝑅𝑡 = −
𝑘 ∑
𝑖 =1 
𝑝𝑥𝑡,𝑖 𝑟𝑒𝑠

∗ 
𝑡,𝑖 
+

𝑘 ∑
𝑖 =1 
𝑟𝑡,𝑖 (23) 

Determining the optimal reward price 

This section will discuss the action a2 —the decision-making about the optimal reward price that the aggregator sends to the
consumers. From Eq. (1) , it can be seen that there must exist an optimal reward price 𝑃max 

𝑥𝑡, 
within the price range [ tht,i, Pt ] for any

class i of consumer, from perspective of maximizing the profit Rt,i of the aggregator. However, the response behavior parameter of
consumers is hard to accurately obtained, so the optimal reward price 𝑃max 

𝑥𝑡, 
can not be gotten by solving Eq. (11) directly. 
7 
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Fig. 2. Flow chart of the method for determining the optimal reward price. 

 

 

 

 

 

 

 

 

 

 

 

This paper proposes the method of determining the optimal reward price 𝑃max 
𝑥𝑡, 

based on the “trial and error method ” learning
process of DQN algorithm, which is shown in Fig. 2 . 

First, the reward price pxt,i is set at a small value as the initial value. When the i th class consumers is selected for the first time
in period t , the aggregator calculates the reward Rt,i corresponding with the initial reward price pxt,i on the basis of the historical
response data. And the value of Rt,i will be assigned to Rrec . And then the reward price pxt,i will be increased by 1 unit. 

When the i th class consumers is selected in next iteration, the aggregator calculates the reward Rt,i corresponding with the present
reward price pxt,i , and compares the values of Rt,i with Rrec . If Rt,i is greater than Rrec , which proves that the action to increase reward
price in this iteration is unreasonable, then the reward price pxt,i will be reduced by 1 unit. Conversely, the reward price pxt,i will be
increased by 1 unit. 

Until the variation of reward price is less than the tolerance error 𝜏, the optimal reward price pmax xt,i can be determined. 

Action selection of the aggregator based on 𝜀 -greedy strategy 

In the proposed method, the action selection of the agent representing the aggregator adopts the 𝜀 -greedy strategy. 
The aggregator will choose the action with the highest in each round with a high probability 1- 𝜀 , while the actions with other

Q value are selected with a smaller probability 𝜀 to avoid trapping in the previous strategy, so that DQN algorithm may try other
strategies with lower estimated value but better actual performance. The 𝜀 -greedy strategy is shown in Eq. (24) . 

𝜋( 𝑎 |𝑠 ) = ⎧ ⎪ ⎨ ⎪ ⎩ 
1 − 𝜀 + 𝜀 |𝐴 ( 𝑠 ) | , 𝑎 = arg max 

𝑎 

𝑄( 𝑠, 𝑎) 
𝜀 |𝐴 ( 𝑠 ) | , 𝑎 ≠ arg max 

𝑎 

𝑄( 𝑠, 𝑎) 
(24) 

Deep learning about decision-making ability of the aggregator 

In the interaction between the agent and environment, each iteration will generate an experience exp , as shown in Eq. (25) . Through
the continuous accumulation of experience, a limited and constantly updated experience pool can be structured. In an offline mode,
the deep Q network selects samples from the experience pool through the randomly sampled experience replay mechanism and
conducts deep learning. 

𝑒𝑥𝑝 =
{
𝑠, 𝑎, 𝑟, 𝑠′

}
(25) 
8 
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Fig. 3. Demand response perception and decision-making based on deep reinforcement learning. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

where s represents the current state of the iteration, i.e. the undelivered volume 𝐷obs 
𝑡,𝑖 

. a represents the action of the agent toward
state s , i.e. the aggregator selects the i th class consumers to participate in demand response transaction. r represents the reward for
executing the action, i.e. rt ,i represents the action reward of the aggregator in Eq. (21) . s’ represents the state of the next iteration,
i.e. the remaining undelivered response volume 𝐷obs 

𝑡,𝑖 +1 . 
The action-value function under a certain strategy is fitted in deep reinforcement learning by deep neural network. As the direct

basis for action selecting, the Q value outputted by deep neural network will determine the selection sequence of responsive consumer
and affect the profit of the aggregator. 

This paper uses offline mode for learning to train value neural network and target neural network. The value network is designed
to calculate the current value of action-value function with parameter 𝜃. The target network is designed to calculate the predicted
value of action-value function with another parameter 𝜃∗ , and it is updated at a low frequency. 

During training, an experience is randomly selected from the experience pool, then the corresponding parameters s and a are put
into the value network and target network, resulting in qvalue and qtarget . According to gradient descent method, the value of loss
function is continuously reduced during training for searching parameter 𝜃 of the value network. The target network parameter is
updated to 𝜃∗ = 𝜃 after a preset number of learning times. 

The output of target network qtarget is shown in Eq. (26) , and the definition of the loss function L is shown in Eq. (27) . 

𝑞target = 𝑟 + 𝛾 max 
𝑎′
𝑄 ( 𝑠′, 𝑎′,𝜽) (26) 

𝐿 = [𝑞target − 𝑞value ] 2 (27) 

The above process can be represented by the interaction between the intelligent agent (aggregator) and environment as shown in
Fig. 3 . 

Simulation result and discussion 

Effectiveness verification of classification based on SOMs 

SOMs is used to classify the consumers with different electricity price elasticity. The effectiveness of classification based on SOMs
needs to be fully verified. Literature [ 30 ] fully demonstrates the discussion from the aspects of changes in the situation of the same
object over time and comparison of results between different objects. The discussion of this paper refers to the above literature, the
effectiveness verification of classification based on SOMs is organized from the two aspects of the changes in consumer classification
results over time and classification results among different consumers. 

The results of the dynamic consumer classification are shown in Fig. 4 . 
The distribution of winning neuron in the competitive layer is shown in Fig. 4 . The meshes with the same number and color

represent a category of consumers. The boundaries between each category are clear and the distribution of each category is relatively
compact, which proves that the classification is effective. The dark green grid in Fig. 4 represents 100 consumers with time-varying
electricity consumption patterns. In the process of dynamic classification, this category of consumers is classified to category 4,
category 2, category 3 and category 1 respectively. This result is consistent with the preset condition in which these consumers are
set a change pattern. In summary, the effectiveness of the dynamic classification of SOMs can be fully proven. 

The classification results of different consumers are shown in Fig. 5 . 
From Fig. 5 , it can be seen that all the demand response consumers are classified into 5 categories, each has its own price elasticity

temporal distribution characteristics. 
The appearing times of their peak price elasticity are: 1st-class consumers in the period of 16:00 to 20:00, the 2nd-class of

consumers in the period of 8:00 to 12:00, the 3rd-class of consumers in the period 12:00 to 16:00, the 4th-class of consumers in the
period of 16:00 to 20:00, and the 5th-class of consumers in the period of 20:00 to 24:00. The consumer classification results of SOMs
conform to the preset single-peak pattern, thus the consumer classification is effective. 
9 
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Fig. 4. The change of dynamic classification over time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Analysis on learning effectiveness of DQN 

The value change of loss function during training of deep neural networks is shown in Fig. 6 . 
From Fig. 6 , it can be seen that the value of loss function decreases rapidly with the increase of training times, and converges to a

small value at the 500th training. In the subsequent training, the value of loss function still decreases and gradually converges to an
even lower value. It can be concluded that the evaluation value of value network is ultimately close to the predicted value of target
network, and the training of deep neural network is stable and convergent, can result in effective deep learning. 

Analysis on consumer selection and reward price decision of DQN 

The simulation in this paper takes the decision-making of consumer selection based on the complete information model (based
on complete information and mathematical programming) as contrast group. In every 2000 training times, the decision results of
the agent based on DQN algorithm are compared with the results of the contrast group. The error rate is defined as the degree of
difference between the two methods. The results are shown in Fig. 7 . 

From Fig. 7 , it can be seen that as the times of training increases, the error rate of consumer selection ability based on DQN
algorithm gradually decreases with different shape in each period. Finally, the error rate of each period tends to less than 10 %,
indicating that the agent works well in accurate consumer selection. 

Fig. 8 shows the comparison of the response reward prices of 1st-class consumers solved by DQN and complete information model
separately. 

To conform to objective laws better, the electricity consumption of consumer is assumed to fluctuate randomly within a range,
thus the reward price solved by complete information model is expressed in an interval. For computational facilitation, the minimum
modification of the reward price by the agent is set to 1 unit, thus the results are all integers. And as the electricity consumption by
consumers fluctuates, the reward price also fluctuates. 

From Fig. 8 , it can be seen that the reward prices solved by DQN are basically within the range of prices solved by the complete
information model, which indicates that the agent has produced the reasonable reward price. 

If the consumer model parameters in Eq. (6) are known, the transaction strategy of the aggregator in the local transaction can be
directly solved by the Eq.. However, consumer information is difficult to be fully acquired. Based on deep reinforcement learning about
the historical data, the agent can make the demand response trading profits of the aggregator increase and gradually approach to the
theoretical maximum. Fig. 9 shows the unit rewards in demand response transaction of DQN method and the complete information
model. In order to avoid the influence of excessive numerical fluctuations to observation, each point on the curve in Fig. 9 represents
the average of unit reward in every 100 transactions. It can be seen that with the increase of training times, the reward of the agent
for each decision gradually increases. When the training times reach more than 7000, the unit reward of the proposed method tends
10 
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Fig. 5. Self-elasticity distribution of consumers classified by SOMs. 

Fig. 6. Value change of loss function of deep neural network. 

 

 

 

 

 

 

 

 

to be stable and close to the unit reward of complete information model, which proves that the proposed method can effectively
realize the perception and decision of demand response. 

After training, the unit reward of the method proposed in this paper is still slightly lower than the reward based on complete
information model. The reasons are as follows: 1) 𝜀 -greedy strategy is used in the action selection of DQN. When 𝜀 reaches the
maximum value of 0.95 in the training, other actions can still be selected with the probability of 5 %. 2) A penalty term for the
inaction consumers who have been selected by the aggregator in the local transaction is defined in Eq. (21) , which aims at making the
agent better learn the selecting sequence of consumers. However, it doesn’t actually be executed by the aggregator in the transaction.

Limitations 

The method proposed in this paper is mainly based on DQN algorithm and SOMs algorithm. A large amount of historical data is
required by the training of model. Therefore, for some scenarios that demand response market has not been developed or the demand
response behavior data of consumers is lack, the method proposed in this paper may perform poorly. 
11 
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Fig. 7. Error rate of DQN result compared to the result of complete information model. 

Fig. 8. Comparison of reward prices for the 1st-class of consumers of different algorithms. 

Fig. 9. The aggregator rewards of the complete information model-based algorithm and the DQN algorithm. 

 

 

Conclusion 

In the case of an aggregator agents for many small and medium-sized consumers to participate in wholesale demand response
market, there are problems of inaccuracy prediction of the response volume and difficulty of timely trading decision making. To solve
12 
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the problems, this paper proposes a method of demand response perception and decision-making based on dynamic classification 
combining DQN and SOMs. The analysis and simulation results indicate that: 

With the complete information of consumers, the aggregator can optimize trading strategy to maximize profit based on given
model, determine the selection sequence, optimal incentive, and bidding volume of the responsive consumers. 

Under the condition of incomplete trading environment information, the agent based on deep reinforcement learning algorithm 

can learn response pattern of the consumers from historical trading experience, and combine them with the state of the market
to make trading decisions on response consumer selecting and reward price modifying. When the consumer information can be
continuously updated, the dynamic classification of consumers based on SOMs algorithm can effectively restrict prediction errors 
caused by uncertainty of response behavior, and improve the perception ability and decision-making efficiency of the aggregator. On 
the premise of meeting the real-time trading requirements, the proposed method can effectively control the deviation between the 
actual response volume of the consumers in the local transaction and the bid-winning volume in the wholesale market, and enable
the aggregator to make a satisfactory profit towards the theoretical optimal value. 

It is found that accurate consumer information is very important for the demand response decision-making of the aggregator.
Therefore, relevant policies and mechanisms should be Eq.ted by the government and the market regulator which can guide consumers
to provide necessary information, and cooperate with the aggregators to facilitate demand response. At the same time, specifications
regarding the use of consumer information should be developed to ensure the information security of the consumer. 

Practically, the electricity consumption adjustment of consumers is time coupling, that is, he may shift his consumption from one
period to another period. This mutual elasticity is not considered in the paper, and will be further studied in the future. 
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