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ABSTRACT 
Energy, as one of the larger contributing industries to greenhouse gas emissions, has an urgent task to 
reduce emissions, and standardizing the carbon footprint and trading mechanism of the energy 
market is an important concern for the development of the current energy industry. Under the 
guidance of the principle of green, low-carbon and sustainable development of the energy market, this 
paper first uses heterogeneous blockchain and federated reinforcement learning to design a 
decentralized energy trading mechanism model. It is found that the model fails to realize the intelligent 
detection and control of carbon footprint, in this regard, on the original model, the carbon footprint 
origin algorithm is introduced. Combining the above models and algorithms, the current interactive 
energy market is explored and analyzed. Consumer user 5 has the largest net benefit, with a specific 
value of 15.05 million yuan, and comprehensive energy supplier 3 has the largest net benefit, with a 
value of 37,467,000 yuan, indicating that this paper's model implements the principle of green, low-
carbon and sustainable development of energy while meeting the energy needs of consumers and 
suppliers, maximizing the interests of each other in the process of energy trading, which proves that 
this paper's research has excellent practical application value. 

Keywords: heterogeneous blockchain, federated reinforcement learning, energy trading mechanism, 
carbon footprint traceability algorithm 
 

1. Introduction 

In the atmosphere, the increase of greenhouse gases such as carbon dioxide is one of the main causes 
of global warming [1]. Carbon emission is the process of releasing greenhouse gases such as carbon 
dioxide produced by human activities into the atmosphere, with the continuous development of global 
industrialization and urbanization, the issue of carbon emission is increasingly attracting people's 

 
✉Corresponding author. 
 E-mail address: 2003108@aust.edu.cn (G. Lan). 
Received 03 February 2024; Revised 12 April 2024; Accepted 10 November 2024; Published Online 16 April 2025. 
DOI: 10.61091/jcmcc127b-379 
© 2025 The Author(s). Published by Combinatorial Press. This is an open access article under the CC BY license 
(https://creativecommons.org/licenses/by/4.0/). 



6944 LAN AND CHEN 

 

attention, in order to mitigate the impact of climate change, decentralized energy trading and carbon 
footprint traceability to reduce carbon emissions is of great signiϐicance [2-5]. 

Energy trading markets control greenhouse gas emissions through market-based means, and 
different operational models have been formed in practice in different countries [6]. The core of the 
market is to convert carbon emission rights into tradable commodities, and buyers and sellers trade 
quotas according to their own needs, so as to minimize the cost of emission reduction [7-8]. The 
trading mechanism is mainly divided into total control type and project offset type, in which the total 
control type sets a ceiling on the total carbon emissions of the region or industry, the government 
allocates or auctions emission allowances to enterprises, and enterprises whose actual emissions 
exceed the allowances need to purchase the difference, and the remaining allowances can be sold [9-
11]. The EU carbon market adopts this mechanism, covering power, iron and steel and other high-
energy-consuming industries, and reducing the total amount of allowances year by year according to 
the emission reduction target [12-13]. Project offsetting allows enterprises to invest in emission 
reduction projects to obtain certiϐied emission reductions, which are used to offset their own 
emissions. The Clean Development Mechanism (CDM) is a typical representative of this, in which 
enterprises in developed countries fund wind power and photovoltaic projects in developing countries, 
and obtain emission reduction credits after being certiϐied by the United Nations [14-17]. And carbon 
footprint traceability is a method to accurately track and analyze the carbon emissions involved in 
products, services or behaviors [18-19]. Speciϐically, carbon footprint traceability involves identifying 
the various stages and segments involved in the entire life cycle process of a product or service, 
including raw material acquisition, production, transportation, distribution, and use, and determining 
the carbon emissions in these segments [20-23]. In this way, enterprises can identify the main sources 
of carbon emissions, so as to take corresponding measures to reduce carbon emissions and realize 
sustainable development [24-26]. 

Under the dual background of interactive energy market and green low-carbon sustainable 
development, the energy trading mechanism model is introduced through the theoretical description 
of heterogeneous blockchain technology and federated reinforcement learning, and the model is 
constructed with the help of the above theories. Whether it is energy trading or life energy 
consumption, a large amount of carbon dioxide will be generated, in order to avoid the greenhouse 
effect and the deterioration of carbon dioxide content, through the design of the carbon footprint 
credible Shuoyuan algorithm to realize intelligent monitoring and control of carbon dioxide, and then 
provide auxiliary decision-making for the users, enterprises and the energy trading department. 
Finally, the models and algorithms designed in this paper are validated and analyzed with reference to 
relevant examples in life, aiming to promote the development of interactive energy market in the 
direction of green, low-carbon and sustainable development. 

2. Centralized trading mechanisms for energy markets 

2.1. Heterogeneous Blockchain Technology and Federated Reinforcement Learning 

2.1.1. Heterogeneous blockchain technology. Initially, the heterogeneous blockchain was developed 
with the intention of implementing a safe and secure distributed cash system through a digital 
currency called Bitcoin [27]. At this stage, the most important function of the heterogeneous 
blockchain is as a digital database [28]. It allows the storage and sharing of data containing digital 
transactions, data records, and any other form of data, such that the data is aggregated into so-called 
blocks, where each block is timestamped accordingly and cryptographically linked to the previous 
block, thus forming a chain of blocks, i.e., a heterogeneous blockchain. The infrastructure of 
heterogeneous blockchain is shown in Fig. 1, which is structured in ϐive main layers, namely the data 
layer, the network layer, the consensus layer, the smart contract layer, and the application layer. With 
the advantages of decentralization, protection of personal privacy, non-tampering and traceability of 
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data, and low cost and high speed of smart contract execution, heterogeneous blockchain technology 
can well solve the disadvantages of insecure transaction data, mutual distrust among users and 
between users and trading platforms, insufϐicient information openness and transparency, high 
transaction costs and settlement difϐiculties existing in centralized trading methods. 
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Fig. 1. Heterogeneous blockchain 

2.1.2. Federal Reinforcement Learning. The combination of reinforcement learning and federated 
learning improves the robustness of global models to dynamic environments, which theoretically 
focuses only on the model architectures and does not care whether these models come from 
reinforcement learning or deep learning [29]. In federated learning, the global model is obtained by 
weighted averaging of multiple client models, which is also done in federated reinforcement learning, 
improves the ability to recognize attack trafϐic, ensures data privacy, and can be anonymous when 
making transactions with each other, so the privacy of each node can be protected to some extent. 

2.2. Transaction Modeling Based on Heterogeneous Blockchain and Federated Reinforcement Learning 

2.2.1. Model deϐinition. The Transaction Model for Integrated Energy Systems based on 
Heterogeneous Energy Blockchain and Federated Reinforcement Learning (TMIES-FRL-HEB) can be 
represented as a 5-tuple described in the form of an ensemble: 

 ( , , , , )TMIES FRL HEB C S D ETIC DSO      (1) 

Where aC  is the energy subchain type, including , , ,e g h cC C C C . denote the electric energy trading 
subchain, gas trading subchain, heat trading subchain, and cold energy trading subchain, respectively, 
and S   is a ϐinite set of energy supply nodes in C  . { | }a iS s i N    , and aD   is the ϐinite set of 
energy-consuming nodes in aC , where ETIC  denotes a smart contract, and DSO  is the operator of 
the distribution system, and when a new node is  applies for joining an energy subchain, it needs to 
provide node user registration information to C  , including energy type, node location, identity 
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information, etc., in order to obtain identity authentication. Various energy trading sub-chains are 
represented as a set as (electricity energy trading sub-chain for example): 

 ( , , )e e e eC S D ECA  (2) 

where eS   and eD   are the power supply and power consumption node users in the electricity 
trading subchain, and eECA  is the consensus algorithm in the electricity trading subchain. 

2.2.2. Conϐiguration of transaction process subjects: 
1) Node users as the main body of energy transaction: the main body of energy transaction includes a 
collection of distributed energy equipment supply nodes and a collection of energy consumption 
nodes participating in the alliance subchain. The energy supply users can broadcast their energy 
demand in real time at the beginning of the transaction phase according to the real-time situation of 
their own equipment's energy consumption, choose to purchase or sell energy, and exist as a full node 
in the alliance block subchain they have joined that participates in the consensus. 
2) Certiϐication center (CA): the certiϐication center is not a real entity, its function is similar to the 
centralized authority to authorize the user nodes, in the physical layer is actually based on the smart 
contract written and constructed by the computer executable program, in the system is responsible 
for obtaining the issuance of digital certiϐicates, the user nodes need to provide the certiϐication center 
with the registration information in order to obtain the authentication authorization to obtain the 
permission to join a certain energy sub-chain. License. 
3) Distribution System Operator (DSO): It is responsible for guaranteeing the physical security of the 
four types of energy distribution processes: electricity, heat, gas, and cold, as well as for the operation 
and maintenance tasks such as blockage checking and safety maintenance of each line. 

2.3. Transaction mechanism design 

2.3.1. Smart Contracts in Energy Subchains. In the integrated energy system, there are 
characteristics of energy conversion, coordination and optimization, and synergy and 
complementarity between various energy subsystems, while in the traditional energy trading model, 
energy transactions between entities through "third-party" power companies are still used, which will 
lead to a large increase in management costs, labor and employment costs, and veriϐication costs due 
to its structural inefϐiciency, and there are still problems such as information asymmetry, uneven 
sharing of main responsibilities and concentrated workload in the auction method based on 
"centralization". A smart contract (chaincode) is a code program that is automatically executed in a 
blockchain system. In the integrated energy system, the smart contract of the blockchain can act as an 
auction agency in the transaction process of each user, thus replacing the "third-party intermediary" 
of the traditional "centralized" auction, and realizing the matching auction transaction with equal 
status, symmetrical information, transparency and openness of users. 

2.3.2. Certiϐication rules under price constraints. The alliance member nodes formulate the 
authentication rules of the authentication center after consultation and realize the authentication 
function through smart contracts, in order to guarantee the overall clean and environmentally friendly 
characteristics of the system, the alliance members within each subchain comply with the rules of 
clean energy priority [30]. Then the user node information is uploaded to the authentication center 
for authentication through public key encryption, and the uploaded information is: 

 ,max ,max{ , , ,Pr , Pr , inf }reg node cquipment cx sell buy permsg Type Type Type ice ice  (3) 

modeType   is the user's node type, equipmentType   is the user's energy equipment type, Type   is the 
federation block subchain that the application is made for joining, .max .min,sell buyPrice Price   is the 
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highest unit price of energy sold and the lowest unit price of energy purchased by the node, and inf per  
is the actual individual or organization information of the node that applies for membership. 

The authentication center obtains the alliance members' energy types and offers, and makes price 
interval judgments based on the types of energy equipment of registered users. For the price 
constraints of the electric energy trading sub-chain nodes, it is necessary to satisfy: the highest power 
purchase offer of the wind turbine node user < the highest power purchase offer of the storage battery 
node user < the highest power purchase offer of the gas turbine node user. Pure electric load node user 
minimum power purchase offer > electric refrigeration unit node user minimum power purchase offer > 
energy storage battery node user minimum household power purchase offer, i.e.: 

 ,max ,max ,max
WT STE GET
s s sP P P   (4) 

 .
,min ,min ,min
IOAD E EC STE
b b bP P P   (5) 

For the gas trading sub-chain node price constraints, it needs to be satisϐied that: the lowest gas 
purchase offer for pure gas load node users > the lowest gas purchase offer for gas turbine node users > 
the lowest gas purchase offer for gas boiler node users, i.e: 

 ,
,min ,min ,min
LOAD G GET GHB
b b bP P P   (6) 

For the heat trading sub-chain node price constraints, it is necessary to satisfy: gas turbine node 
user's highest heat selling offer < heat recovery system node user's highest heat selling offer < gas 
boiler node user's highest heat selling offer: pure heat load node user's lowest heat purchasing offer > 
absorption chiller node user's lowest heat purchasing offer > heat recovery system node user's lowest 
heat purchasing offer, that is: 

 ,max ,max ,max
GET HS GHB
s s sP P P   (7) 

 ,
,min ,min ,min
LOAD H AC HS
b b bP P P   (8) 

For the cold trading sub-chain node price constraint, it needs to be satisϐied that: absorption chiller 
node user's highest cold selling offer < electric chiller node user's highest cold selling offer, ie: 

 ,max ,max
AC EC
s sP P  (9) 

After the authentication center authorizes the user node applying for registration, it uses the private 
key A

pub c
C

liKey  to encrypt the public key pablicKey  of the user node to form the digital signature sign 
belonging to the user of the node, and the user can create a personal user energy subchain trading 
account according to the sign and pablicKey , and the alliance members can verify the authenticity of 
the user sign  through A

pub c
C

liKey . 

2.3.3. Matching auction process. Automatically match the two sides of the transaction and execute 
the auction process, after the two sides of the transaction and the transaction legitimacy has been 
certiϐied, the transaction will be automatically announced to all nodes in the sub-chain, for example, a 
user to buy energy transaction demand information for: 

 
   

  
{ , Pr , , ,

, , }

A A A A A
b public

A A A
energy CA DSO

msg x t ice t sign Key

Type SGS msg msg t


 10) 

where  Ax t  is the purchased electricity demand of user A in time period t ,  Pr Aice t  is the unit 
price of purchased energy of user A, Asign   is the private key signature of user A, A

publicKey   is the 
public key signature of user A, energyType  is the type of energy demanded,   ,A A A

CA DSOSGS msg msg t  is 
the double authentication information, containing the authorization information A

CAmsg  as well as the 
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DSO's line reliability authentication information for the user line for the time period  A
DSOmsg t , and 

if it cannot be satisϐied ASGS , the user cannot be matched for the auction accordingly. 

2.3.4. Block data structure. The block structure is shown in Fig. 2, the block body adopts the Merck 
tree structure, which packages the transaction information two by two to take the hash and form a 
root hash value for storing the transaction record, which contains the name of the user of the energy 
purchasing node, the name of the user of the energy supplying node, the type of the energy traded, the 
total price of the energy traded, and the total amount of the energy traded. Block header mainly 
includes two parts, block header and block body, block header random number, difϐiculty, timestamp, 
including the hash value of the previous block header, the root hash value of the packaged transaction. 
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Fig. 2. Block data structure 

3. Carbon footprinting mechanisms for energy markets 

The centralized trading mechanism for the energy market has been designed above, in order to better 
implement the principle of green, low-carbon and sustainable development of energy, this chapter 
introduces the carbon footprint algorithm on the basis of the energy trading mechanism, and the 
algorithm is designed from the four aspects of data modiϐication, data addition, conϐlict detection and 
data homology detection. The design process is shown below: 

3.1. Carbon footprint mechanism architecture and design 

3.1.1. Carbon Footprint Traceability Mechanism Architecture. The energy market carbon footprint 
traceability mechanism based on heterogeneous blockchain and federated reinforcement learning 
fully integrates the core features of blockchain, realizes the on-chain storage and information 
traceability function of the energy market, and provides a convenient and secure information storage 
and query for the energy market. The mechanism ϐirst collects supply chain data in the matching stage, 
covering identity information, equipment details and status information. Then during the energy 
transaction process, data such as energy consumption and order fulϐillment are collected with the help 
of heterogeneous blockchain technology and federated reinforcement learning. 

3.1.2. Carbon footprint mechanism design. The design of the carbon footprinting mechanism is 
shown in Fig. 3. The network structure of the energy market carbon footprinting traceability 
mechanism based on heterogeneous blockchain and federated reinforcement learning is mainly 
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composed of a data collection module, a heterogeneous blockchain and federated reinforcement 
learning network module, an on-chain authentication module and an application linking module. The 
main service object of the mechanism is the energy industry, aiming to realize the on-chain storage 
and traceability of the carbon footprint of the energy market. 
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Fig. 3. Carbon footprint retracing mechanism design 

3.2. Carbon Footprint Trusted Traceability Algorithm Design 

The core of traceability is the trustworthiness of the data, and the smart contract carries out storage 
control, thus determining the security of the on-chain data and user access. As the core process of 
traceability, it needs to complete the security veriϐication of the on-chain data, and at the same time 
ensure that the data queried by the user has credibility. The carbon footprint trusted traceability 
algorithm is designed from the four aspects of data modiϐication, data addition, conϐlict detection, and 
data homology veriϐication. 

3.2.1. Data modiϐication. For data modiϐication, it prevents data infringement from occurring before 
it is uplinked. The smart contract collect s the signatures of authoritative nodes selected through the 
consensus mechanism PoW, and after the number of signatures reaches the threshold   through the 
legitimacy veriϐication, the data is considered to have the authority to be modiϐied on the chain. I.e.: 
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|1

0

( , | | )

else
aL D S s s N

P




 
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

 (11) 

The uplink modiϐication authority P   is conϐirmed by the signature authentication ( , )L D S  , 
where S  is the set of signatures from the authoritative nodes  | aS s s N  , and aN  is the set of 
nodes constituted by the authoritative nodes. The data to be uploaded with modiϐication authority 
needs to be further detected against infringement to further prevent data overlap in traceability. 

3.2.2. Increase in data. The uplinking of new data needs to be consistent with the energy trading 
mechanism model, which does not allow for the occurrence of the same energy industry X multiple 
devices consuming energy at the same moment in time T. A business review algorithm is designed for 
this to screen out similar conϐlicts. 

3.2.3. Conϐlict detection. The smart contract queries the driver's ID notated as id in the data D to be 
uploaded, and queries out all the chain historical event data to construct the chain historical work 
schedule TTabel . I.e: 

  | ,t IDTabel e e H D id    (12) 

For the new data, its time period T is compared with TTabel , and the new data time period is noted 
as  ,start endT T T  , and retrieve whether it overlaps with any time period  ,start ende e   of e   in the 
historical work schedule. The overlap condition is: 

 ( ) ( )start end end startT e T e    (13) 

If the working hours overlap then further compare the user ID information mC  and note the ID of 
the added data: 

 
e se

1

0 l
IDC Id

C


 


 (14) 

If matching to the chain there is a consistent user and supplier in the block, 1OCC   indicates that 
the data on the outgoing chain is consistent with the data to be uploaded, and turn to data modiϐication 
operation. 0OCC   indicates that a conϐlict has arisen and the uplinking is stopped. 

3.2.4. Data homology validation. At the time of data input, the data is ϐirst split according to ϐields, 
splitting D into 1 2 3 4, , , , , ND D D D D . According to the strong hash algorithm, including MD5, FNV and 
other hash functions, the local ϐield 1D  is generated into the corresponding hash value ( )LSH iH D . 
Assuming that the ϐingerprint length of the data x  on the chain is xFPL , and the ϐingerprint length 
of the data y  to be uploaded is yFPL , their similarity is expressed as follows: 
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 (15) 
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where k   is the total number of blocks on the chain that satisfy 
[( ) ( )]ID start end end startD id T e T e      , and ( , )S x y   serves as the ϐingerprints of x   versus   

similarity, and ( ( ), ( ))d FP x FP y  as the ϐingerprint difference between x  and y : 
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 (16) 

where count  is the Hamming distance statistics function, i jD D  denotes the same-or operation 
by bit for two different slice hashes in two ϐiles, and len  is used to count the number of bits in a binary 
string. 

4. Exploration of Energy Trading Mechanisms and Carbon Footprinting 
Algorithms 

4.1. Exploratory Analysis of Energy Trading Mechanisms 

4.1.1. Exploratory Analysis Description. In order to verify the accuracy of the aforementioned theory 
and model, it is explored and analyzed, noting that the simulation environment in this section is on a 
Matlab2018a + Intel Core i7 9700k + 16GB computer, and the associated computational problems are 
solved using Yalmip+Cplex. 

4.1.2. Description of relevant parameters. This section of the inquiry analysis considers a case with 
three integrated energy suppliers and ϐive consumptive users, all the integrated energy suppliers can 
supply integrated energy of electricity, heat and gas to the large users, the values of the parameters 
related to the utility of the consumptive users are shown in Table 1, and the parameters of the 
equipment related to the integrated energy suppliers are shown in Table 2, where p , HP , GP  are 
the parameters of electricity, heat, and gas consumption, 1

P ~ 5
P  are the parameters of electricity 

determined by the user's own will from 1 to 5, and 1
HP  ~ 5

HP   are thermal energy parameters 
determined by user 1~5 own will, 1

GP ~ 5
GP  are gas energy parameters determined by user 1~5 

own will, 1
MT ~ 3

MT  are micro gas turbine 1~3 efϐiciency, 1
MT ~ 3

MT  is the micro gas turbine 1~3 
thermoelectric ratio, 1

ak ~ 3
ak  is the coefϐicient of the quadratic term of the operation and maintenance 

cost function of micro gas turbine 1~3, and 1
bk ~ 3

bk  primary term coefϐicient of O&M cost function for 
micro gas turbine 1~3, 1

GB ~ 3
GB  for efϐiciency of gas boiler 1~3, 1

ck ~ 3
ck  secondary term coefϐicient 

of O&M cost function for gas boiler 1~3, 1
dk ~ 3

dk  are the primary term coefϐicients of the operation 
and maintenance cost function for gas boilers 1~3, 1

ek ~ 3
ek  are the quadratic term coefϐicients of the 

carbon allowance consumption function for micro-gas turbines 1~3, 1
fk  ~ 3

fk   are the carbon 
allowances consumption function for micro-gas turbines 1~3, and 1

fk   are the carbon allowances 
consumption function for micro-gas turbines 1~3. The primary term coefϐicients of the consumption 
function, 1

gk ~ 3
gk  are the carbon emission coefϐicients of the gas boiler 1~3. In addition, the carbon 

price 0.01Ten thousand yuan/tcq   and 0.639 /t MWh   in this section of the inquiry analysis. 
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Table 1. Consumer utility parameters 

Parameter symbol Parameter value Parameter symbol Parameter value 

p  
0.008Ten thousand 

yuan/MWh2 2
HP  

0.111Ten thousand 
yuan/MWh 

HP  
0.002Ten thousand 

yuan/MWh2 3
HP  

0.106Ten thousand 
yuan/MWh 

GP  
0.009Ten thousand 

yuan/MWh2 4
HP  

0.121Ten thousand 
yuan/MWh 

1
P  

0.2Ten thousand 
yuan/MWh2 5

HP  
0.123 Ten thousand 

yuan/MWh 

2
P  

0.22Ten thousand 
yuan/MWh2 1

GP  
0.116Ten thousand 

yuan/MWh 

3
P  

0.24Ten thousand 
yuan/MWh2 2

GP  
0.120Ten thousand 

yuan/MWh 

4
P  

0.26Ten thousand 
yuan/MWh2 3

GP  
0.072Ten thousand 

yuan/MWh 

5
P  

0.28Ten thousand 
yuan/MWh2 4

GP  
0.086Ten thousand 

yuan/MWh 

1
HP  

0.2Ten thousand 
yuan/MWh2 5

GP  
0.088Ten thousand 

yuan/MWh 

Table 2. Integrated energy supplier related equipment parameters 

Parameter symbol Parameter value Parameter symbol Parameter value 

1
MT  0.6 1

ck  
0.016Ten thousand 

yuan/MWh2 

2
MT  0.6 2

ck  
0.016Ten thousand 

yuan/MWh2 

3
MT  0.6 3

ck  
0.016Ten thousand 

yuan/MWh2 

1
MT  4 1

dk  
0.006Ten thousand 

yuan/MWh2 

2
MT  4 2

dk  
0.004Ten thousand 

yuan/MWh2 

3
MT  4 3

dk  
0.002Ten thousand 

yuan/MWh2 

1
ak  

0.006Ten thousand 
yuan/MWh2 1

ek  0.1t/MWh2 

2
ak  

0.004Ten thousand 
yuan/MWh2 2

ek  0.1t/MWh2 

3
ak  

0.002Ten thousand 
yuan/MWh2 3

ek  0.1t/MWh2 

1
bk  

0.004Ten thousand 
yuan/MWh2 1

fk  0.3t/MWh 

2
bk  

0.002Ten thousand 
yuan/MWh2 2

fk  0.3t/MWh 

3
bk  

0.002Ten thousand 
yuan/MWh2 3

fk  0.3t/MWh 

1
GB  1.8 1

gk  0.4t/MWh 

2
GB  1.4 2

gk  0.4t/MWh 

3
GB  1.6 3

gk  0.4t/MWh 
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4.1.3. Data analysis. On the basis of the above basic data, the energy trading mechanism model 
proposed in this chapter is utilized to explore and analyze the current energy trading market, with a 
view to proving the effectiveness of the energy trading mechanism model in this paper. 
1) Analysis of energy production programs of integrated energy suppliers. The integrated energy 
supplier determines its energy provision program through the above model, and Figure 4 shows the 
electric power sold by the integrated energy supplier, Figure 5 shows the thermal power sold by the 
integrated energy supplier, and Figure 6 shows the gas power sold by the integrated energy supplier. 
From Figures 4 and 5, it can be seen that integrated energy supplier 3 sells the largest amount of 
electric and thermal power, 19.19 MW and 49.16 MW, respectively, and integrated energy supplier 1 
sells the smallest amount of electric and thermal power, 15.30 MW and 42.54 MW, respectively.This is 
due to the fact that by producing an equal amount of integrated energy, the operation and maintenance 
cost of the energy production equipment of integrated energy supplier 3 is the lowest, while the 
operation and maintenance cost of the energy production equipment of integrated energy supplier 1 
has the highest O&M cost of energy production equipment. For natural gas, it can be seen from Figure 
6 that integrated energy suppliers 1, 2, and 3 have the same gas sales power of 10.96 MW, which means 
that under the role of this paper's model, the three reach a consensus on the energy trading price to 
maximize the beneϐits of the three integrated energy suppliers. The model in this paper accurately 
reϐlects the current transaction costs and market share of integrated energy suppliers, and coincides 
with the actual situation, and maximizes the maintenance of the beneϐits of suppliers. 

 

Fig. 4. Integrated energy providers sell electric power 

 

Fig. 5. Integrated energy providers sell thermal power 
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Fig. 6. Integrated energy providers sell gas power 

2) Analysis of energy consumption programs for consumer-type users. Consumption-oriented users 
can reasonably choose energy demand through the energy trading mechanism model, and Figures 7, 
8 and 9 show the power of electricity, heat and gas consumed by consumption-oriented users, 
respectively. Consumer 5 consumes the largest amount of combined electricity, heat and gas energy, 
which is 15.87 MW, 36.37 MW and 8.42 MW, respectively, while Consumer 1 consumes the smallest 
amount of combined electricity, heat and gas energy, which is 5.26 MW, 18.29 MW and 4.09 MW, 
respectively, The reason for this result is that Consumer 5 has the largest coefϐicient of positive primary 
term in the utility function of energy consumption, while Consumer 1 has the largest coefϐicient of 
positive primary term in the utility function of energy consumption, and Consumer 1 has the largest 
coefϐicient of positive primary term in the utility function of energy consumption. The positive primary 
coefϐicient of the energy use utility function of user 1 is the smallest, and this positive primary 
coefϐicient can reϐlect the amount of utility brought about by the consumption of an equal amount of 
integrated energy by large users of integrated energy, i.e., the utility brought about by the consumption 
of an equal amount of integrated energy by consumer user 5 is the largest, while the utility brought 
about by the consumption of an equal amount of integrated energy by consumer user 1 is the smallest. 
Through the energy trading mechanism model calculates the ϐinal electricity price, heat price, gas price 
of 0.0767 million yuan / MWh, 0.0788 million yuan / MWh and 0.0376 million yuan / MWh, 
respectively, indicating that the model of this paper according to the user's actual energy demand, to 
give the most reasonable energy trading program. 

 

Fig. 7. Consumer users consume electrical power 
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Fig. 8. Consumer users consume thermal power 

 

Fig. 9. Consumer users consume gas power 

On this basis, the net beneϐits for integrated energy suppliers and consumer users are analyzed. Fig. 
10 as well as Fig. 11 show the net beneϐits of integrated energy suppliers and consumer-type users 
through the integrated energy distributed exchange, respectively. As can be seen from Figure 10, 
integrated energy supplier 3 has the largest net gain of $374.67 million. Integrated Energy Supplier 1 
has the smallest net gain of $30.05 million. This result is due to the fact that Integrated Energy 
Suppliers 3 and 1 have the lowest versus the highest operating and maintenance costs for energy 
production equipment, respectively. As can be seen in Figure 11, Consumptive User 5 has the largest 
net beneϐit of $15.05 million. Consumption-based user 1 has the smallest net beneϐit of $0.402 million. 
This result is due to the fact that the positive primary term coefϐicients of the utility functions of 
consumer users 5 and 1 are the largest and the smallest, respectively. In addition, all integrated energy 
suppliers and consumer users have positive net returns, which satisϐies the individual rationality 
required by the market mechanism, and to a certain extent veriϐies that the energy trading mechanism 
model in this paper can well satisfy the needs of consumers and suppliers, thus maximizing the 
interests of consumers and suppliers. 
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Fig. 10. Consolidated energy supplier net income 

 

Fig. 11. Net revenue from consumer users 

3) Multi-time period analysis of integrated energy distributed trading. In order to further verify the 
validity of the energy trading mechanism model proposed in this chapter, this section carries out a 
study of integrated energy trading for multiple time periods of 24 hours, which is represented in Fig. 
12, Fig. 13, and Fig. 14, respectively, where the parameters of the utility function of electricity, heat, 
and gas of a 24-hour consumer  , ,P HP GP

i i i     take values. Note that for the coefϐicients of the 
quadratic term constants of the consumer user utility function, the values in Table 1 are still used in 
this section, and for the parameters related to the integrated energy supplier, the values in Table 2 are 
still used in this section. Figure 15 shows the electricity, heat and gas prices obtained from the energy 
trading mechanism based on the energy trading mechanism proposed in this chapter for multiple time 
periods. Using the energy trading mechanism model in this paper, the maximum electricity, heat and 
gas consumption power of large integrated energy users can be calculated. For the whole consisting of 
consumer users 1 to 5, their maximum electricity, heat and gas power consumption is increasing from 
1:00 to 11:00 and decreasing from 11:00 to 24:00. The composite energy trading price increases from 
1 to 11 o'clock. Speciϐically, the price of electricity increases from 0.0768 million Yuan/MWh to 0.1735 
million Yuan/MWh, the price of heat increases from 0.0788 million Yuan/MWh to 0.2039 million 
Yuan/MWh, and the price of gas increases from 0.0376 million Yuan/MWh to 0.1088 million 
Yuan/MWh. In addition, the composite energy trading price decreases from 11:00 to 24:00 hours. 
Speciϐically, the price of electricity decreased from 0.2035 million Yuan/MWh to 0.0798 million 
Yuan/MWh. the price of heat decreased from 0.1981 million Yuan/MWh to 0.0860 million Yuan/MWh. 
the price of gas decreased from 0.2223 million Yuan/MWh to 0.0532 million Yuan/MWh. the above 
trend of changes in the comprehensive energy trading price is consistent with the trend of changes in 
demand, i.e., in the case of a constant supply The larger the comprehensive energy demand, the higher 
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the trading price, which is in line with the basic laws of economics and also veriϐies the validity of the 
proposed energy trading mechanism model from the side, while the supply side remains unchanged. 

 

Fig. 12. Electric energy utility parameters of P
i  consumer type users 

 

Fig. 13. Thermal energy utility parameters of HP
i  consumptive users 

 

Fig. 14. Thermal energy utility parameters of GP
i  consumptive users 
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Fig. 15. Multi-time integrated energy trading prices 

4.2. Carbon Footprinting Algorithm Analysis 

In this paper, we establish a carbon footprint source algorithm, which is suitable for all kinds of energy 
trading. This chapter intends to take actual data as an example to demonstrate two main processes of 
carbon footprint source algorithm based on heterogeneous blockchain and federated reinforcement 
learning: (1) the traceability query and control access implementation of "energy trading-market-
method-source data" based on blockchain and federated reinforcement learning, and (2) the carbon 
footprint accounting method, data source and data source traceability based on heterogeneous 
blockchain and federated reinforcement learning, so as to improve the transparency and comparability 
of the energy market and reduce the carbon dioxide content in the energy market transaction process. 

4.2.1. Data acquisition. Through the above processes of enterprise information collection and 
inventory data determination, the carbon footprint of energy market trading is obtained. Using the 
algorithm of this paper, the carbon footprint within the energy trading boundary is obtained as 135.16 
kg CO2eq. The contribution of carbon footprint of emission sources in different time periods is 
analyzed as shown in Figure 16. Users have the largest proportion of carbon footprint at 23:00 and 
20:00, accounting for 24.09% and 19.12%, respectively, followed by 24:00, 22:00 and 21:00, 
accounting for 16.14%, 14.29% and 13.87%, respectively, and lastly 18:00 and 19:00, accounting for 
8.44% and 4.05%, respectively. 

 

Fig. 16. Carbon footprint contribution analysis of emission sources 
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The correspondence between the ϐinal score and the data quality level is shown in Table 3, and the 
results of the quantitative analysis of carbon footprint uncertainty in energy market trading are shown 
in Table 4. The quantitative analysis of carbon footprint uncertainty is to comprehensively assess the 
quality of the inventory data (classiϐied into ϐive levels, namely 1, 3, 5, 7, and 9) through the indexes of 
statistical representativeness, temporal representativeness, data source, geographic 
representativeness and technological representativeness. The data quality score of an emission item 
in a certain process is obtained by weighting the indicators (1/3 for each of the three indicators of 
statistical representativeness, temporal representativeness, data source, 1/2 for each of the two 
indicators of geographic representativeness and technological representativeness), and the data score 
of an emission item is then obtained by weighting the percentage of the carbon footprint of each 
process. Similarly, the ϐinal data quality score of the inventory is weighted according to the proportion 
of each item in the total carbon footprint of the product. A high ϐinal score is associated with good data 
quality and low uncertainty. Conversely, a low score is associated with poor data quality and high 
uncertainty. The carbon footprint data quality rating of energy market trading is 7.943, the inventory 
data quality is high and the uncertainty is low, so the quality of the energy carbon footprint value 
calculated based on these inventory data is also high, which conϐirms the practical application value 
of the carbon footprint solving algorithm in this paper. 

Table 3. The relationship between the ϐinal score and the data quality level 

Points Data Quality Uncertainty size 

8≤Uncertainty≤9 The highest Minimum 

7≤Uncertainty≤8 Higher Lesser 

6≤Uncertainty ≤7 Range Larger 

Uncertainty≤6 Bad Very large 

Table 4. Quantitative analysis of carbon footprint uncertainty 

Name Electricity Water Steam Coal 
Natural 

gas 

Dyes and 

auxiliaries 
Materiel 

Wastewater 

treatment 

18 7.659     7.633   

19 7.316 7.659    7.633   

20 8.316 8.316 8.316 8.316  8.316 8.316 8.316 

21 7.659 8.316    8.316   

22 8.316  8.316  8.316 8.005 8.659 7.633 

23 8.005 8.005 8.005     7.633 

24 8.005 8.005       

Energy carbon Total 

footprint index 
7.816 8.008 8.116 8.316 8.316 7.836 8.005 7.711 

Uncertainty Smaller Min Min Min Min Smaller Min Smaller 

Total (less) 7.934 

4.2.2. Algorithmic Traceability and Hierarchical Control of Access Processes: 
1) Brands, suppliers and consumers. Brands, suppliers and consumers trace the carbon footprint of 
products with the same traceability path and different permissions. Connect to the web front-end of 
the blockchain browser by parsing the safety traceability logo, register the node and send an access 
request, get the product carbon footprint evaluation result through the number and batch number, 
access the node query and get the page returned by the system after the Key1, the content includes 
energy information, energy carbon footprint accounting results and analysis, and quantitative analysis 
results of the uncertainty of the carbon footprint of the product, and get the corresponding key through 
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the veriϐication. The corresponding key can be veriϐied to obtain the carbon footprint of the 
corresponding module. 
2) Accounting Party, Audit and Supervision Organization. The accountant and the audit and 
supervision agency use the same traceability path and different permissions to trace the carbon 
footprint of the module access node by retrieving the carbon footprint module attribute code to query 
the carbon footprint of the module, and obtain the page returned by the system after Key2, including 
the ϐinal accounting energy carbon footprint value of the module, the main energy carbon footprint 
value of the module, the amount of raw materials consumed in this stage of energy, the raw materials 
consumed at this stage and the module attribute code. 

4.2.3. Carbon footprint traceability and multidimensional comparison. Through the traceability 
process example in the previous section, it can be seen that the traceability algorithm based on 
heterogeneous blockchain and Federated Reinforcement Learning (FRL) for carbon footprint of 
energy trading can realize “energy-module-method-source-data” and achieve layer-by-layer 
traceability query and control access. Such a traceability brings information transparency, traceability 
and multi-dimensional comparability of the carbon footprint of energy transactions. Assuming that 
the permissions of this accounting party can be traced back to the module carbon footprint accounting 
method as shown in Tables 5 and 6 by accessing the corresponding Key3 of the supplier through the 
access control policy respectively. The authority of the accounting party can obtain the Key4 
corresponding to the two modules through the access control policy, respectively, which can be traced 
back to the original data list, the processing enterprise information and the detailed energy trading 
process to assist in the decision-making of the invocation. To assist the call decision. 

Table 5. Carbon Footprint accounting method traced to module 1 

Account entry Activity data source Basis of allocation. 
Emission factor(kgCO2eq/kg or 

m3 or kW·h) 

Ink 
Process single ratio 

conversion 

Distribution according 

to quality 
8.512 

Baking soda 
Process single ratio 

conversion 

Distribution according 

to quality 
2.031 

Urea 
Process single ratio 

conversion 

Distribution according 

to quality 
1.515 

Sizing material 
Process single ratio 

conversion 

Distribution according 

to quality 
1.827 

Soap agent 
Process single ratio 

conversion 

Distribution according 

to quality 
1.827 

Softener 
Process single ratio 

conversion 

Distribution according 

to quality 
1.827 

Color fixing agent 
Process single ratio 

conversion 

Distribution according 

to quality 
1.827 

Water Monthly statistics 
Distribution according 

to quality 
0.0915 

Electricity Monthly statistics 
Distribution according 

to quality 
0.786 

Steam Monthly statistics 
Distribution according 

to quality 
0.047 

Soda ash Monthly statistics 
Distribution according 

to quality 
1.866 

PAM (Polyacrylamide) Monthly statistics Distribution according 0.846 
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to quality 

PAC (Poly aluminum chloride) Monthly statistics 
Distribution according 

to quality 
0.846 

Decolorizing agent Monthly statistics 
Distribution according 

to quality 
0.927 

Water consumption for 

wastewater treatment 
Monthly statistics 

Distribution according 

to quality 
0.087 

Waste water treatment 

consumes electricity 
Monthly statistics 

Distribution according 

to quality 
0.786 

Sludge Monthly statistics 
Distribution according 

to quality 
1.88 

COD treatment of wastewater Monthly statistics 
Distribution according 

to quality 
5.321 

Table 6. Carbon footprint accounting method traced to module 2 

Account entry Activity data source 
Basis of 

allocation. 

Emission factor(kgCO2eq/kg or m3 

or kW·h) 

Acid blue 
Process single ratio 

conversion 
/ 8.512 

Acid red 
Process single ratio 

conversion 
/ 8.512 

Acid ash 
Process single ratio 

conversion 
/ 8.512 

Levelling agent 
Process single ratio 

conversion 
/ 8.512 

Additive: Soft oil 
Process single ratio 

conversion 
/ 8.512 

Water 
Process single ratio 

conversion 
/ 0.087 

.Electricity 
Process single ratio 

conversion 
/ 0.786 

Steam 
Process single ratio 

conversion 
/ 0.217 

Soda ash 
Process single ratio 

conversion 
/ 2.155 

Waste water treatment consumes 

electricity 
Monthly statistics / 0.786 

Water consumption for wastewater 

treatment 
Monthly statistics / 0.087 

PAM (Polyacrylamide) Monthly statistics / 0.846 

PAC (Poly aluminum chloride) Monthly statistics / 0.927 

Decolorizing agent Monthly statistics / 1.244 

Sludge Monthly statistics / 0.927 

COD treatment of wastewater Monthly statistics / 1.325 
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5. Conclusion 

In this paper, in order to better practice the principle of green, low-carbon and sustainable 
development of energy in the context of interactive energy market, a decentralized energy trading 
mechanism model and a carbon footprint traceability algorithm are constructed by using 
heterogeneous blockchain and federated reinforcement learning, respectively, and the above models 
and algorithms are explored and analyzed in the context of the actual situation of the energy market. 
The energy transaction prices of users are derived, in which the electricity price, heat price, and gas 
price are 0.0767 million yuan/MWh, 0.0788 million yuan/MWh, and 0.0376 million yuan/MWh, 
respectively, which maximize the beneϐits of integrated energy suppliers and consumer users, 
indicating that the economic beneϐits of the energy market are well maintained under the role of this 
paper's model, and thus verifying the actual efϐicacy of the model. In addition, the algorithm in this 
paper accurately captures the carbon footprint in the process of energy trading, provides intelligent 
control for relevant users, enterprises and management, and promotes the green, low-carbon and 
sustainable development of the energy market. 
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