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ABSTRACT: The rapid development of electricity retail market has prompted an increasing number of electricity
consumers to sign green electricity contracts with retail electricity companies, which poses greater challenges for the
market service for green energy consumers. This study proposed a two-stage feature extraction approach for green
energy consumers leveraging clustering and term frequency-inverse document frequency (TF–IDF) algorithms within a
knowledge graph framework to provide an information basis that supports the green development of the retail electricity
market. First, the multi-source heterogeneous data of green energy consumers under an actual market environment is
systematically introduced and the information is categorized into discrete, interval, and relational features. A clustering
algorithm was employed to extract features of the trading behavior of green energy consumers in the first stage using
the parameter data of green retail electricity contracts. Then, TF–IDF algorithm was applied in the second stage to
extract features for green energy consumers in different clusters. Finally, the effectiveness of the proposed approach was
validated based on the actual operational data in a southern province of China. It is shown that the most significant
discrepancy between the retail trading behaviors of green energy consumers is the power share of green retail packages,
whose averaged values are 25.64%, 50%, 39.66%, and 24.89% in four different clusters, respectively. Additionally, power
supply bureaus and electricity retail companies affects the behavior of the green energy consumers most significantly.

KEYWORDS: Green energy consumer; feature extraction; knowledge graph; retail electricity market

1 Introduction

1.1 Background
In recent years, to overcome energy crisis issue [1], promote societal sustainable development [2], and

mitigate climate change [3], integrating renewable energy resources into power grids has become increasingly
imperative. To facilitate renewable energy consumption, electricity retail companies have launched green
electricity retail contracts to satisfy green energy consumers. However, as the retail electricity market expands
and electricity demands diversify, consumer behavior toward the market becomes more complex. Therefore,
there is an urgent need to thoroughly analyze and comprehend the evolving complex trading behavior
patterns of green electricity consumers, incentivize the green energy trading activities, and furnish decision-
making tools for the electricity retail companies offering green retail contracts and the power exchange
centers operating green retail electricity markets.
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By the end of 2023, numerous provinces in China, such as Guangdong, Yunnan, Zhejiang and Shanxi
provinces, have introduced online provincial retail energy trading platforms for electricity market, resulting
in a significant number of consumers and electricity retail companies signing retail contracts online for
the subsequent year. This retail trading platform offers market participants quick access to hotspot market
information and launches private customized bids to multiple electricity retail companies simultaneously.
Moreover, the platform facilitates trial calculations for preferred retail packages, providing insights into
contract details, such as price and percentage parameters. In this circumstance, it is necessary to fully utilize
the advanced data processing and analysis techniques, such as machine learning methods and knowledge
graph methods, to further explore the value of the retail electricity market data available on the website of
digital power trading platforms.

1.2 Literature Review
Electricity retail companies and consumers are key decision-makers in the retail electricity market.

As shown in Fig. 1, the current research on energy consumers in retail electricity markets primarily
focuses on designing electricity retail trading strategies, pricing schemes for retail packages and consumer
behavior analysis.
1) Retail trading strategies

In the context of retail market trading strategy optimization, the intermittent characteristics of renew-
able energy sources amplify risk levels for wholesale electricity market participants, necessitating managed
risk through appropriate retail contract design and pricing strategies for retail electricity companies. Existing
literature develops trading strategies for electricity retail companies in multi-type markets using mathemati-
cal optimization techniques, considering flexible resources such as demand response [4], energy storage [5],
and financial tools [6]. Ghazvini et al. [7] and Khojasteh [8] developed multi-objective optimization models
for electricity retail companies, focusing on disaster recovery scheduling and retail packages, respectively.
Jacquet et al. [9] maximized the profits of an electricity retail company by designing customer contract menus
and enhancing model robustness through quadratic regularization of customer response. Luo et al. [10]
devised an electricity retail contract recommendation approach for residential users based on their energy
consumption patterns. Lu et al. [11] investigated medium- and long-term electricity trading methodologies,
while Charwand et al. [12] proposed a multi-objective framework considering the trade-off between profits
and customers’ purchasing prices. Feuerriegel et al. [13] mitigated energy procurement through demand
response in retail energy trading strategies. Liu et al. [14] examined electricity retail trading strategies using
deep learning approaches, validated by case studies. Lu et al. [15] developed an energy cost minimization
strategy for electricity retailers in China’s spot electricity market.
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2) Retail pricing schemes
Efficient retail pricing schemes are essential for retailers to incentivize consumers to participate in the

retail market. Green retail contracts serve as vital tools for promoting user-side renewable energy consump-
tion, with stochastic modeling [16] and game theory widely employed. Zugno et al. [17] implemented the
game theory to devise an efficient pricing method for electricity retailers, considering detailed interactions
between market participants. Mahmoudi-Kohan et al. [18] established a pricing model for electricity retailers
using load profiles and machine learning algorithms. Yang et al. [19] optimized retail pricing strategies with
data mining methods using actual power demand data with specified pricing block numbers. Zhang et al. [20]
developed a customized pricing method considering the diverse DR incentives of various consumers.
Nojavan et al. [21] compared time-of-day pricing with fixed pricing methodologies to develop a retail pricing
approach. Qin et al. [22] proposed a tri-level optimization approach to integrate pricing methods of electricity
retailers with DR prices in wholesale electricity markets. Naseri et al. [23] reviewed risks and challenges for
electricity retailers, employing machine learning and deep learning-based approaches for issue resolution.
3) Consumer behavior analysis

By analyzing the behaviors of electricity consumers, the electricity retailers can match supply and
demand more accurately, formulate more reasonable pricing plans, and optimize market strategies to meet
the consumers’ needs and improve market competitiveness. Guo et al. [24] comprehensively reviewed the
research work on electricity consumer behavior, where the factors, theories, challenges and opportunities in
social psychology were discussed in depth. Huebner et al. [25] investigated the types of variables that might
explain annualized electricity consumption in residential buildings, which mainly includes the building
factors, socio-demographics, appliance ownership, and attitudes. In [26], large volumes of data from smart
meter were utilized to understand the knowledge of customers’ electricity consumption behaviors under
competitive market environments by using time-based Markov model. Hortaçsu et al. [27] focus on analyzing
the inertial decision-making behaviors in electricity markets, and an econometric model was employed to
measure two sources of consumer inertias, including the search frictions/inattention and a brand advantage
that consumers afford the incumbent. To promote household electricity saving, Wang et al. [28] studied the
effects of non-cognitive and emotional factors on the household electricity saving behavior, and constructive
policy implications were put forward.

Research on Energy Consumers 

in Retail Electricity Markets

Retail Trading 

Strategies

Retail Pricing 

Schemes

Consumer 

Behavior Analysis

Reference [3]-[15] Reference [16]-[23] Reference [24]-[28]

Figure 1: Research on energy consumers in retail electricity markets [3–28]

1.3 Research Gaps and Contributions
Even though abundant research has been conducted on the retail electricity market, the trading

behaviors of green energy consumers have not been analyzed comprehensively, and it is challenging to
effectively leverage multi-type and multi-dimensional data related to green electricity consumers. In this
circumstance, the decision makers in retail electricity markets, such as electricity retailers and market
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designers, cannot fully optimize their market strategies regarding the green energy consumers. To resolve
the above issues, the advanced classification and feature identification methods that has been widely used in
various industrial applications [29–31], can be utilized by the green energy consumers as well. Therefore, in
the construction of a low-carbon electricity retail market, offering an efficient feature extraction approach
for green energy consumers can partially address these challenges. This can also facilitate highly efficient and
visualized analysis of green power user data, and enhance decision-making efficiencies of green electricity
retail companies and consumers.

Therefore, leveraging multi-source heterogeneous data of the retail electricity market, this study adopts
the basic framework of a knowledge graph and develops a two-stage feature extraction approach to
comprehensively analyze green energy consumers, which are both validated using operational data and
archival information on the retail electricity market. The overall framework of the proposed two-stage feature
extraction approach is depicted in Fig. 2, and the contributions of the conducted research in this paper can
be summarized as follows:

1. Build knowledge graph of 

electricity retail market using

multidimensional data

2. Generate three types of feature 

data for green energy consumers

discrete feature data

interval feature data

relational feature data

3. Standardize retail trading data 

of green energy consumers 

Price data

Percentage data

entity

relationship

attribute

4. Categorize green energy 

consumers using energy trading data 

and K means clustering method

Cluster 1 Cluster 2

Cluster K...

5. Further Categorize green energy consumers

using cluster results and TF-IDF method

Feature 1

Feature 2
...

Structure

Fist stage

Second stage

Figure 2: Overall framework of the proposed two-stage feature extraction approach for green energy consumers in
retail electricity markets

1) A data analysis framework based on knowledge graph is established for the green energy consumers
in retail electricity markets to facilitate relevant feature analysis, where the head entity, relationship and
attributes are specified and the features are categorized into discrete, interval, and relational features.

2) A practical two-stage feature extraction approach is developed for green energy consumers in retail
electricity markets. A clustering algorithm was employed at the first stage to extract typical features of energy
trading behavior and a TF–IDF algorithm was adopted in the second stage to further extract the other
features of green energy consumers, which is easy to be implemented under actual market environments.

3) The characteristics of actual green energy consumers in a provincial retail electricity market in
southern China were investigated in detail using realistic dataset. The analytic results obtained from case
studies can provide information basis for the market players, system operators and policy makers, which can
facilitate the development of retail electricity market under energy transition.
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1.4 Paper Organization
The remainder of the paper is structured as follows: the first-stage feature extraction method based on

clustering algorithm is presented in Section 2. Section 3 provides second-stage feature extraction method
using the TF–IDF algorithm. Section 4 conducts the case studies. Section 5 presents the conclusion and
discusses future work.

2 First-Stage Feature Extraction of Green Energy Consumers via Clustering

2.1 Multi-Dimensional Data and Knowledge Graph for Green Energy Consumers
Multidimensional data of green energy consumers in the retail electricity market is categorized into

basic, retail contract, power consumption, and demand response information, which is depicted in Fig. 3.
Specifically, the basic attributes encompass voltage level, settlement account name, and load type, while
retail contract information includes details of the electricity retail company, beginning/end times, price, and
percentage parameters. Similarly, the multidimensional data of green contracts within the retail electricity
market environment are encapsulated into four aspects: electricity retail company, green energy consumer,
price, and percentage parameters, which is depicted in Fig. 4.

As shown in Figs. 3 and 4, the multi-dimensional data regarding both green energy consumers and
green retail electricity contracts are pretty complex, which makes it difficult to extract the important features
of the green energy consumers. Therefore, a practical two-stage feature extraction approach is developed in
this paper. A clustering algorithm was employed at the first stage to extract features of trading behavior and
a TF–IDF algorithm was applied in the second stage to further extract other features, which is easy to be
implemented under actual market environments. In this section, clustering algorithm employed at the first
stage is illustrated in detail.

As shown in Fig. 5, based on the multi-dimensional data of green energy consumers and electricity retail
contracts, a knowledge graph of the electricity retail market is constructed. This graph is expressed in ternary
data form, with each element denoted as (x, y, z), where x, y, and z represent the head entity, relationship or
attribute, and the tail entity or attribute value, respectively. The entity signifies a specific object, such as an
electricity retail company, a green energy consumer, or a retail contract. The relationship denotes the linkage
between entities, such as the trading relationship between a retail electricity company and a green energy
consumer. The attribute and attribute values denote the parameter names and parameter values associated
with an entity or concept, such as the electricity consumption value of a green energy consumer.

In the knowledge graph of retail electricity market, entities primarily comprise green energy consumers,
electricity retail companies, and electricity retail contracts. Relationships between these entities include the
trading relationship between energy consumers and electricity retail companies, the purchase relationship
between energy consumers and retail contracts, and the selling relationship between electricity retail
companies and retail contracts. For instance, the attributes of green energy consumers encompass voltage
level, settlement account name, electricity consumption, registration time, ice storage indicator, peak and
valley leveling indicator, user address, and electricity consumption. Attributes of electricity retail companies
include credit level, geographic location, industry classification, enterprise nature, number of agency users,
and total personnel count. Attributes of retail contracts include various tariff types and electricity share of the
power buyer, the power seller, and the retail trading contract. Rule-based reasoning techniques can refine the
knowledge graph of the electricity retail market. For instance, if there is a purchasing relationship between
green energy consumer A and retail contract B from electricity retail company C, it can be inferred that green
energy consumer A and electricity retail company C have a trading relationship.
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Figure 3: Multi-dimensional data of green energy consumers in retail electricity markets
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Energy Eng. 2025;122(5) 1703

Electricity 

Retail 

Contract

Electricity 

Retail 

Company

Green 

Consumer

Design Purchase

Trade

Power 

Consumption 

Value

Power 

Consumption

Entity Relation Attribute
Attribute 

Value

Figure 5: Basic elements of the knowledge graph built for the green energy consumer in the retail electricity market

Based on each type of ternary group data in the knowledge graph of green energy consumers, three
types of feature data can be derived: discrete, interval, and relational.

1) Discrete feature data: Attributes of entities are defined using strings or discrete values, generated from
discrete attribute value data of green energy consumers in the knowledge graph. For instance, the discrete
feature data <Nature of electricity consumers, Large industries> characterizes the corporate nature of a green
energy consumer.

2) Interval-type feature data: Attributes of entities fall within specific interval ranges, generated from
continuous-type attribute value data of a green energy consumer in the knowledge graph. For instance, the
green energy consumer label <average weekday electricity load, [20, 30 kW]> characterizes the varying levels
of a green energy consumer’s weekday electricity consumption.

3) Relational feature data: Relationships exist between entities, generated from the knowledge graph’s
entity relational triad data for green energy consumers. For instance, <Purchase, Retail contract A> describes
a purchase relationship between the green energy consumer and retail contract A.

2.2 Energy Trading Data-Based Clustering
The retail trading data of green energy consumers, i.e., the electricity price data and electricity

percentage data of retail contracts, are standardized by employing the extreme difference standardization
approach. Since the electricity retail market aims to aid electricity retail companies and electricity consumers
realize electricity retail transactions, the retail market data (i.e., retail contract data) are chosen to cluster
green energy consumers. Let I be the total number of green energy consumers in the electricity retail
market, and P and Q be the price and percentage data, respectively, in the retail contracts. For the i-th green
energy consumer, i = 1~I, the vectors of P and Q are denoted as RP i and RQ i , respectively, expressed as
RP i ={r p1

i , r p2
i , . . . , r pP

i } and RQ i ={rq1
i , rq2

i , . . . , rqQ
i }.

The polarity standardization method standardizes the retail contract data of green energy consumers,
i.e., price and percentage data of retail contracts, as:

r pp
i =

r pp
i −min({r pp

i }
i=I
i=1)

max ({r pp
i }

i=I
i=1) −min({r pp

i }
i=I
i=1)

(1)

rqq
i =

rqq
i −min({rqq

i }
i=I
i=1)

max ({rqq
i }

i=I
i=1) −min({rqq

i }
i=I
i=1)

(2)
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where r pp
i and r pp

i signify the raw and normalized contract price data for the ith green energy consumer,
respectively; rqq

i and rqq
i represent the raw and normalized contract percentage data for the i-th green energy

consumer, respectively.
Consequently, the standardized price and percentage data of the i-th green energy consumer are

expressed as RP i = {r p1
i , r p2

i , . . . , r pP
i } and RQ i = {rq1

i , rq2
i , . . . , rqQ

i }, respectively. The standardized retail
contract data for the i-th green power customer can be expressed as:

R i = {r p1
i , r p2

i , . . . , r pP
i , rq1

i , rq2
i , . . . , rqQ

i } = {r
1
i , r2

i , . . . , rm
i . . . , rP+Q

i } = {rm
i }m=P+Q

m=1 (3)

As shown in Fig. 6, the K means clustering method is utilized to classify green energy consumers,
as follows:

Start

Input normalized retail trading data and number of 

categories K, threshold v, maximum iteration U

Initialize K clustering centers and calculate distance 

from retail data of green consumers to centers

Assigning the remaining green consumers to the 

classification with the nearest clustering center 

Recalculate cluster centers for each category

Obtain clustering results for green energy consumers

Yes

No Does it converge or 
reach maximum 

of iteration number

End

Figure 6: The main procedures of clustering green energy consumers by using retail energy trading data

1) The standardized retail contract data, the classification number K, the threshold v, and the maximum
number of iterations U are determined.

2) K clustering centers are initialized and their distance from the contract data of green energy
consumers is computed.

3) Green energy consumers are assigned to the classification of cluster center closest to them.
4) The cluster centers are recalculated for each cluster.
5) It is determined whether the K means algorithm converges or reaches the maximum number of

iterations U. Failing to converge indicates that the algorithm stops when it reaches the maximum number
of iterations.
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6) The classification results of green electricity consumers are obtained, i.e., K green power user groups
are denoted as {Gk}k=K

k=1 , where Gk denotes the k-th green power user group.
The performance of the above clustering method is affected significantly by the classification number

K, which is determined by using the silhouette algorithm in this paper. Specifically, the silhouette coefficient
is a measure of how similar an object is to its own cluster compared to other clusters. The value ranges from
−1 to 1, where a high value indicates that the object is well matched to its own cluster and poorly matched
to neighboring clusters. To determine an optimal clustering number, silhouette coefficient for each point
need be calculated first. Specifically, if the average distance between point i and all other points in the same
cluster is ai , and the average distance between point i and all points in the nearest cluster is bi , the silhouette
coefficient si for each data point can be calculated by using the formula.

si =
bi − ai

max {ai , bi}
(4)

For each clustering, the average silhouette coefficient across all data points can be calculated, and this
average value can provide an overall measure of how well the clusters are separated from each other.

3 Second-Stage Feature Extraction of Green Energy Consumers Using the TF–IDF Algorithm
Term frequency–inverse document frequency (TF–IDF) is a weighting technique employed in informa-

tion retrieval and data mining, which is widely used for keyword mining in articles and text data cleaning.
This algorithm is simple and efficient for industrial use, and it holds significant applications in text clustering,
text categorization, document retrieval, and automatic abstracting. Specifically, Term Frequency (IF) is the
frequency a word appears in a document, while Inverse Document Frequency (IDF) is frequence a word
appears in the entire document set. In this circumstance, a lager TF indicates a word appears more frequently
in a document and a smaller IDF indicates a word appears less frequently in the entire document set,
where the word is considered to have good category differentiation and contributes significantly to the
differentiation of the document.

Since the feature extraction of retail market entity labels exhibits a consistent logical relationship with
the document keyword selection, the TF–IDF algorithm is employed to screen the labels of green electricity
consumers, such as the discrete, interval, and relational feature data of green energy consumers. In this paper,
the TF–IDF values considering subjective weights are computed and sorted, and typical features of various
categories of green energy consumers are extracted.

As shown in Table 1, assuming that the Bk features possessed by the k-th class of green energy consumers
are {Ib}b=Bk

b=1 , where Ib denotes the b-th class of features of green energy consumers, the subjective weight of
the TF–IDF algorithm based on the ordinal relationship analysis is determined as follows:

1) Following the subjective preference of the decision maker for various feature types, the features of the
green power user are ranked by their importance. In one implementation, these features are categorized into
five classes, each capable of containing multiple features or being empty.

2) The relative importance rb between adjacent features is established based on the rank gap between
individual features. In one implementation, the values of rb are outlined in Table 1.

3) Indicators’ weights are normalized. The formula for the subjective weight of the b-th feature (b ≥ 2)
is as follows:

{Wb = (1 +∑i=b
i=2∏b

j=i r j)−1(i = 2, 3, . . . , b)
Wb−1 = rbWb

(5)
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where Wb denotes the subjective weight of the b-th feature
4) The TF–IDF value is computed based on {Wb}b=B

b=1 considering subjective weights as follows:

FW TI
Lb ,Gk

=Wb FTI
Lb ,Gk

=Wb FTF
Lb ,Gk

FIDF
Lb ,Gk

(6)

FTF
Lb ,Gk

= ∣Gk(Lb)∣
∣Gk ∣

(7)

FIDF
Lb ,Gk

= log ∣G′∣
∣G′

k (Lb , )∣
(8)

where FW TI
Lb ,Gk

and FTI
Lb ,Gk

denote the TF–IDF values of class b features for the kth green power user group,
considering subjective weights and without subjective weights, respectively; FTF

Lb ,Gk
TF value represents the

ratio of the number of users with the feature Lb in Group Gk to the number of users in Group G; ∣Gk ∣ signifies
the total number of users in Group Gk ; FIDF

Lb ,Gk
represents the IDF value, a measure of the prevalence of the

feature Lb ; G′, ∣G′∣, and ∣G′

k (Lb)∣ denote users in all groups except Groups Gk , and Gk , respectively, with
feature Lb .

Table 1: Principles for determining the values of relative importance rb for clustering green energy consumers in retail
electricity markets

Relative importance rb Criteria
1.0 Feature Ib−1 is as important as feature Ib
1.2 Feature Ib−1 is slightly more important than feature Ib
1.4 Feature Ib−1 is apparently more important than feature Ib
1.6 Feature Ib−1 is strongly more important than feature Ib
1.8 Feature Ib−1 is extremely more important than feature Ib

4 Case Studies
Under the simulation environment of MATLAB 2019b, the electricity market of a southern province in

China serves as an example for conducting case studies, where a typical framework consisting of wholesale
and retail electricity markets are adopted. The wholesale electricity market mainly includes real-time market
(RTM), day-head (DAM), monthly market (MM) and medium- and long-term market (MLM), and green
power market (GPM). The retail electricity market is a bilateral trading market between retail companies
and energy consumers, where the prices of retail electricity contracts can be changed with those in RTMs,
DAMs, MMs, MLMs. In this dataset, 388 green electricity consumers were categorized into four clusters
based on various traded electricity volumes and prices in retail electricity contracts. The K-means clustering
algorithm adopted threshold v of 0.01 and the maximum number of iterations U of 100. Standard electricity
retail contracts entailed seven percentage parameters and three price parameters. The percentage parameters
included percentages of electricity settled at a fixed price, DAM-oriented price, MLM-oriented price, RTM-
oriented price, MM-oriented price, fixed green premium (FGP)-oriented price, and GPM-oriented prices.
The price parameters included basic electricity price during valley periods, adjusted value for basic electricity
price, and adjusted value for green electricity price.

To enhance visualization and analysis of retail contract parameters for green energy consumers in the
electricity market, 50 green energy consumers were selected by uniform sampling from the original 388. Price
parameters of green energy consumers are illustrated in Fig. 7, while percentage parameters of fixed basic
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electricity and green electricity are depicted in Fig. 8. The remaining percentage parameters are displayed
in Fig. 9.

As shown in Fig. 7, most green energy consumers signed the retail electricity contract with a fixed
basic electricity price, approximating 550 Li/kWh and falling within the market operator’s set range for basic
electricity price [554, 382]. The adjusted value for the basic electricity price may be set to be positive when
the electricity retail company deems the actual electricity price should exceed the upper limit of 554. The
adjusted value for the green electricity price was specified considering the additional environmental value of
renewable power productions.

Figure 7: Price parameters of the green retail electricity contracts available for green energy consumers

Figure 8: Primary percentage parameters of the green retail electricity contracts available for green energy consumers
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Figure 9: Secondary percentage parameters of the green retail electricity contracts available for green energy consumers

The primary percentage parameters in the retail electricity contract were the percentages of electricity
settled at a fixed price and the green electricity settled at a GPM-oriented price. As shown in Fig. 8, most
green energy consumers preferred for 90% of their electricity to be settled at fixed prices and 100% of their
green electricity settled at an FGP-oriented price. The other percentage parameters shown in Fig. 9 depict
that the maximum value was 10% and the percentage of electricity settled at DAM-oriented price was most
widely utilized by green energy consumers.

The proposed feature extraction algorithm was simulated and analyzed within the MATLAB 2019b
environment. During the initial stage of K-means clustering, the optimal cluster number was determined by
using the criteria of silhouette score shown in Fig. 10, which is served as a metric to assess clustering quality,
aiding in the determination of whether data points were accurately assigned to their respective clusters. A
higher silhouette score indicates greater similarity among data points within clusters and greater dissimilarity
between data points across different clusters, representing favorable clustering outcomes. In the case study,
when the cluster number was set to 4, the performance of green energy consumer clustering was optimal.

As shown in Table 2, the most significant discrepancy between the retail trading data of the four
types of green energy consumers pertained to the power share of green retail packages. The average
environmental premium fixed-price power shares of the four types of green electricity consumers in Clusters
1–4 were 25.64%, 50%, 39.66%, and 24.89%, respectively, indicating a pronounced difference. Additionally,
the percentage of electricity settled at MM-oriented price for the green energy consumers in Cluster 2 is
100%, while zero for those in Clusters 1, 3 and 4. This indicates that the monthly market is the most important
for the electricity bills of green energy consumers in Cluster 2.

Utilizing the TF–IDF algorithm, the second stage of feature extraction for green energy consumers
exhibiting different trading behaviors was conducted, and the results are provided in Table 3. The most
important features extracted from the four types of green electricity consumers were <Power Supply Bureau,
FS Power Supply Bureau>, <Trade, Electricity Retail Company QH>, <Power Supply Bureau, DG Power
Supply Bureau>, and <Power Supply Bureau, HZ Power Supply Bureau>. The second important features
extracted from the four types of green electricity consumers were <Power Supply Bureau, FS Power Supply
Bureau>, <Trade, Electricity Retail Company QH>, <Power Supply Bureau, DG Power Supply Bureau>, and
<Power Supply Bureau, HZ Power Supply Bureau>.
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Figure 10: Silhouette values of the clustering results of green energy consumers when cluster numbers are (a) 4, (b) 5,
(c) 6, and (d) 7

Table 2: Extracted features of the green energy consumers in retail electricity markets at the first stage of clustering

Averaged retail electricity contract
parameter

Consumers
in Cluster 1

Consumers
in Cluster 2

Consumers
in Cluster 3

Consumers
in Cluster 4

Percentage of electricity settled at a
fixed price (%)

90 0 92.33 88.29

Basic electricity price during flat
periods (li/kWh)

553.60 0 553.43 553.80

Percentage of electricity settled at
DAM-oriented price (%)

6.4 0 5.18 5.71

Percentage of electricity settled at
MLMs-oriented price (%)

3.6 0 0 1.43

Percentage of electricity settled at
RTM-oriented price (%)

0 0 0.52 0.14

Percentage of electricity settled at
MM-oriented price (%)

0 100 0 0

(Continued)
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Table 2 (continued)

Averaged retail electricity contract
parameter

Consumers
in Cluster 1

Consumers
in Cluster 2

Consumers
in Cluster 3

Consumers
in Cluster 4

Adjusted value for basic electricity
price (li/kWh)

13.36 0 15.03 6.53

Percentage of green electricity settled
at FGP-oriented price (%)

48.36 25 99.48 5.24

Adjusted value for green electricity
price (li/kWh)

25.64 50 39.66 24.89

Percentage of green electricity settled
at GPM-oriented price (%)

0 0 0.47 0

Table 3: Extracted features of green energy consumers in retail electricity markets using the TF–IDF method at the
second stage

Extracted
features

Consumers in
Cluster 1

Consumers in
Cluster 2

Consumers in
Cluster 3

Consumers in
Cluster 4

Feature 1 <Power Supply
Bureau, FS Power
Supply Bureau>

<Trade, Electricity
Retail Company

QH>

<Power Supply
Bureau, DG Power

Supply Bureau>

<Power Supply
Bureau, HZ Power

Supply Bureau>
Feature 2 <Trade, Electricity

Retail Company
YD>

<Sector, Telecom> <Trade, Electricity
Retail Company

DN>

<Trade, Electricity
Retail Company

YD>
Feature 3 <Load type, large

industry>
<Power Supply

Bureau, SZ Power
Supply Bureau>

<Sector, wholesale
& retail>

<Load type,
non-industry>

Feature 4 <Sector, Telecom> <Load type,
commercial>

<Peak-flat-alley
indicator, No>

<Sector,
Computer>

Feature 5 <Peak-flat-alley
indicator, No>

<Peak-flat-alley
indicator, Yes>

<Load type, large
industry>

<Peak-flat-alley
indicator, No>

Feature 6 <Ice-storage
indicator, Yes>

<Ice storage
indicator, No>

<Ice storage
indicator, No>

<Ice-storage
indicator, Yes>

The results in Table 3 suggest that the retail energy trading behavior of green energy consumers
was influenced by their geographical locations and retail electricity companies significantly, indicating
dissemination of market information among green energy consumers. Specifically, most of the green energy
consumers in Clusters 1, 3 and 4 are located at FS, DG and HZ, respectively, and most of the green energy
consumers in Clusters 1 and 4 signed retail electricity contracts with the Electricity Retail Companies of YD.
Moreover, it seems that the energy consumers in the sectors of telecom, computer and retail & wholesale
are more likely to sign green electricity contracts with electricity retail companies. In the case study, the
overall operational performance of the retail electricity market warrants further optimization, facilitated by
enhancing information disclosure and service levels of the online retail electricity trading platform.
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5 Conclusions and Discussions
This paper proposed a two-stage feature extraction approach for green energy consumers leveraging

clustering and TF–IDF algorithms within a knowledge graph framework to support the green development
of the retail electricity market, which was validated and analyzed using operational data of the electricity
retail market and profile information of green electricity consumers in a southern province of China. The
main conclusions and suggestions in the case study are summarized as follows:

1) The most significant discrepancy between the retail trading behaviors of green electricity consumers is
the power share of green retail packages. The average environmental premium fixed-price power shares of the
four types of green electricity consumers in Clusters 1–4 were 25.64%, 50%, 39.66%, and 24.89%, respectively.

2) The retail energy trading behavior of green energy consumers in the studied electricity market was
influenced by their geographical locations and retail electricity companies most significantly, indicating
extensive sharing and dissemination of market information among green energy consumers.

3) To facilitate the decision making of green energy trading in retail electricity markets, it would be
helpful if the features of green energy consumers could be analyzed in depth and visualized on the digital
online trading platform. This might help the electricity retail company sign green retail contracts with green
energy consumers more efficiently, which can promote the low-carbon development of electricity market.

Future research will focus on developing efficient demand response programs considering the features of
green energy consumers, such as data centers [32], industrial consumers [33], and residential consumers [34].
Additionally, the impacts of other dynamic variables, such as market regulation policies [35], weather
condition [36], and carbon prices [37] on the green energy consumers, can be further investigated to improve
the efficiency of the retail electricity market with green energy trading.
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