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ABSTRACT: In view of the multi-energy subject coupling and operation optimization problems faced by the integrated
energy system in the low-carbon transformation, taking a certain city in Jiangsu Province as the experimental object,
the research first constructs a city-level low-carbon integrated energy system with hydrogen energy storage as the
core hub. Then, the mathematical models of key equipment such as gas turbines, gas boilers, and thermal storage
tanks are established. Finally, the multi-energy subject system achieves autonomous optimization and collaborative
control through multi-agent DDPG. This method showed good energy utilization efficiency and scheduling flexibility
in different seasons. The comprehensive energy utilization rate in heating season, non-heating season and transition
season reached 82%, 80% and 78%, respectively. As the photovoltaic coverage rate increased from 5% to 40%, the
wind power proportion increased from 10% to 50%, the total system operating cost decreased from US$73.87/MWh
to US$49.00/MWh, carbon emissions dropped by approximately 32.4%, and the power curtailment rate decreased by
approximately 21.7%. Compared with the single-agent algorithm, the average operating cost was reduced by 9.6%, the
carbon emissions were reduced by about 8%, the energy balance error was reduced by about 39.8%, and the convergence
speed was reduced by about 28%. These results fully verify the efficient decision-making and dynamic optimization
capabilities of the multi-agent DDPG in complex multi-energy interaction environments, providing a feasible technical
path for the intelligent operation.
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1 Background

With the increasingly severe global climate change and the transformation of energy structure, low-
carbon, efficient and sustainable energy systems have become an important issue in the energy field [1].
The Integrated Energy System (IES) integrates different energy forms (such as heat, cooling, gas, etc.) and
various conversion and storage devices (such as gas turbines, boilers, heat pumps, energy storage batteries,
etc.) to achieve cascade utilization and complementary coordination of energy. It can significantly optimize
energy utilization and reduce carbon emissions [2,3]. Existing research has shown that IES systems have
demonstrated significant economic and environmental benefits in different application scenarios [4]. For
example, considering the meteorological sensitivity of agricultural production, Fu and Zhou established an
IES system that combined agricultural production with photovoltaic power generation by integrating carbon
energy, electric energy, and thermal energy. In a greenhouse with a photovoltaic coverage rate of 25% and
an area of 3996 m?, the system saved 15% of energy costs [5]. For the energy optimization problem on the
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residential user side, Ali et al. proposed an intelligent multi-carrier IES system for residential users that
considered the uncertainty of natural gas and electricity prices. A three-stage modeling optimization method
was used to minimize operating costs. Even under fluctuating energy prices, the system’s operating deviation
and average rate were still reduced by 2.14% and 2.64%, respectively, verifying the operational optimization
advantages of IES system in dealing with various uncertain factors [6]. In addition, Jarwar systematically
examined the role of thermal energy storage and electrical energy storage in reducing the levelized energy
cost of different IES. Experimental results showed that thermal energy storage could enhance load transfer,
seasonal balancing and waste heat utilization, reducing the operating costs of district heating applications
by 25%. Electrical energy storage can effectively reduce power curtailment and support grid stability. It is
expected to reduce the levelized energy cost of solar battery systems to less than US$60/MWh by 2030 [7].
The above research not only verified the optimization potential of the IES system in multiple scenarios, but
also revealed its important value in promoting low-carbon transformation.

However, faced with the complexity of multi-agent environments, traditional operation optimization
methods are hard to deal with the nonlinear, high-dimensional and dynamic characteristics of IES [8,9]. Arti-
ficial intelligence and reinforcement learning have provided new ideas for solving such complex optimization
problems [10]. For example, Qiu et al. modeled the local integrated energy system as a Markov decision
process that considered multiple types of uncertainties. An improved Twin Delayed Deep Deterministic
Policy Gradient (TD3) was built. Compared with the Deep Deterministic Policy Gradient (DDPG), the
system operating cost was reduced by 2.76%, and the energy supply imbalance was reduced by approximately
88%, fully verifying the effectiveness and advantages of Deep Reinforcement Learning (DRL) in the operation
optimization [11]. Li et al. used individual attention mechanisms and deep dense neural networks to perform
reinforcement learning and centrally train all agents to achieve coordinated control. After training, the
proposed method could manage multiple energy sources within the IES [12]. To lower power loss and voltage
violations, Hu et al. proposed a dual-time scale hybrid voltage control strategy relying on the multi-agent
reinforcement learning. This control strategy had excellent sampling efficiency and robustness, and also
could effectively suppress voltage fluctuations [13]. In addition, Zhou et al. utilized the multi-agent DRL
method to explore energy management issues focusing on joint transactions in multi-microgrid systems.
A joint energy and carbon trading market was established to formulate the dispatch optimization problem
as an inexactly modeled Markov decision process. The operating cost was reduced by 14.86% and carbon
emissions were reduced by 19.04% [14].

In summary, although existing research has verified the economics and emission reduction benefits of
IES in different scenarios, and explored the application of DRL in scheduling, control, and carbon market
transactions, relevant research is still limited when considering multi-agent interaction, low-carbon target
constraints, and dynamic changes in carbon market prices simultaneously. Therefore, the research innova-
tively conducts modeling and related theoretical analysis on the IES containing hydrogen energy storage. On
this basis, to further coordinate the scheduling of multi-energy entities and low-carbon development, an IES
low-carbon transformation operation optimization method based on multi-agent DDPG is proposed. The
research aims to make up for the shortcomings of existing research on multi-agent collaborative optimization
under low-carbon constraints, and provide new theoretical and methodological support for applying IES
systems in energy transition and carbon emission reduction.

2 Methods
2.1 Low-Carbon IES System Modeling and Related Theoretical Analysis

Hydrogen energy storage can convert excess wind power and photovoltaic resources into hydrogen for
storage through “green power hydrogen production” technology. When power demand rises or new energy
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output is insufficient, the hydrogen can be converted back into electrical energy through fuel cells [15]. The
waste heat generated during the conversion process can also provide heat for the city, effectively balancing
the output fluctuations of new energy power generation [16,17]. Based on this background, the study first
takes a certain city of Jiangsu Province as the experimental object. A low-carbon integrated energy system
architecture with hydrogen energy storage as the core hub is proposed, as shown in Fig. 1.
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Figure 1: Low-carbon IES architecture.

From Fig. 1, the system mainly consists of the energy input side, the energy conversion and storage
side, and the energy load side. On the energy input side, the system is linked to the upper-level power
grid and upper-level gas network, and is equipped with renewable energy devices (photovoltaic and wind
turbines) to realize on-site consumption of clean electricity. To improve the flexibility of energy utilization,
an electrolytic water hydrogen production unit (electrolyser, fuel cell and hydrogen energy storage device)
is set up to convert excess electricity into hydrogen energy. On the energy conversion and storage side,
the system is equipped with gas turbines, gas boilers, waste heat boilers, heat storage tanks and Combined
Heat and Power (CHP) equipment, which can realize complementary conversion such as electricity-heat,
gas-heat, gas-electricity, etc. On the energy load side, the system covers multiple types of terminal needs
such as electricity and heat. Electric energy is supplied by the power grid, renewable energy devices and
hydrogen energy storage devices. Heat energy is provided by gas turbines, gas boilers, waste heat boilers, heat
storage tanks and CHP units, thereby synergistically complementing different energy forms and dynamically
balancing load demands. The hydrogen energy storage device not only assumes the buffer storage function
of hydrogen, but can also inject hydrogen into the gas pipeline network and complete the deep coupling of
electricity, heat and gas with the help of cogeneration equipment [18,19]. The principle of combined heat and
electricity supply for hydrogen energy storage devices is shown in Fig. 2.



4 Energy Eng. 2026;123(12):6

Water circulation

Busbar Pressure Flowm system —>@ @

sensor eter v N\
Heat
I ! — O~
———
\_/

Temperature Circulating Other heat

Hydrogen energy sensor  water pump Heat exchanger
storage device sources

Figure 2: The principle of combined heat and electricity supply for hydrogen energy storage devices.

From Fig. 2, when the fuel cell is discharging, the stored hydrogen and oxygen react electrochemically
to generate electrical energy and waste heat [20,21]. Electric energy is supplied to the power load through
the electric bus. The waste heat is transferred to the circulating water system through the cooling circulating
water and heat exchanger, and then transported to the heat load end of the city through the water pump,
thereby realizing the heating needs for building heating or process heating. The heat exchanger can work
together with other heat sources to improve the comprehensive utilization of system energy. The water
circulation system is equipped with temperature sensors, pressure sensors, flow meters and circulating water
pumps to adjust the operating status of circulating water in real-time to ensure the stability and efficiency of
heat transfer. The hydrogen-doped transmission method for natural gas pipelines is presented in Fig. 3.
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Figure 3: Hydrogen-doped transmission method for natural gas pipelines.

From Fig. 3, the electrolyzed water hydrogen production unit uses renewable energy as power input and
produces hydrogen through electrolysis reaction to achieve localized production of green hydrogen energy.
After pressure stabilization and purification, the produced hydrogen is transported to the hydrogen mixing
node, and is fully mixed with natural gas from the upper-level gas network in a static mixer according to a
set ratio to form a hydrogen-natural gas mixed fuel. After the mixed gas is pressurized by a gas compressor,
it is transported to various terminal energy-consuming equipment through the natural gas transmission
and distribution network in the city to provide fuel supply for industrial production or civil energy needs.
In this process, the hydrogen doping ratio can be dynamically adjusted depending on system operation
requirements and safety standards, utilizing renewable energy and reducing carbon emissions while ensuring
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gas transmission safety and combustion stability, and achieving a clean and low-carbon transformation of the
natural gas system. Subsequently, the research further establishes a mathematical model of the key equipment
of the low-carbon IES. Combining the relationship between wind speed and fan output, the fan output is
presented in Eq. (1).

0 ve<vi¥ v >yl
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In Eq. (1), P?"* signifies the actual output power of wind turbine at time ¢. v{** and v%} signify the cut-in
and cut-out wind speeds. v, signifies the rated wind speed. v, signifies the wind speed at time ¢. P signifies
the rated output power of the wind turbine. f (v) signifies the fitting polynomial. To reduce the complexity
of photovoltaic output modeling, the study only selects two key factors, irradiance and ambient temperature,
to construct a mathematical model of photovoltaic output, as shown in Eq. (2).

G
PtPV :Pmax;t {1+kp [Tc,t_TSCT]} (2)
Gsre

In Eq. (2), PPV signifies the photovoltaic output power at time t. P,y signifies the maximum output
power. Ggrc is the standard irradiance, which is 1000 W/m?. G,; signifies the irradiance at time t. Tsyc
signifies the standard photovoltaic cell temperature, which is 25°C. T, ; is the photovoltaic cell temperature
at time t. k, signifies the power temperature coefficient. After the gas network is doped with hydrogen, the
gas turbine is shown in Eq. (3).

Pt = ngr (H{™ + H™) 3)

In Eq. (3), PST is the output electric power of the gas turbine at time t. %, signifies the electrical
conversion efficiency of the gas turbine. H> and H-™"* are the hydrogen and natural gas power consumed by
the gas turbine, respectively. Under the hydrogen-natural gas mixed gas utilization, the mathematical model
of the gas boiler is shown in Eq. (4).

GB _ 77GT (H;Hz + H;CH4) (4)

In Eq. (4), QF® signifies the output thermal power of the gas boiler at ¢, and 7., signifies the heat
conversion efficiency. H/""> and H;“""* satisfy the hydrogen and natural gas power consumed by the gas boiler,
respectively. The heat storage tank is presented in Eq. (5).

TST TST TST ATST TST TST
( .uloss)Qtl +771n Qin,t out t/rlout (5)

In Eq. (5), Q1T and QIST signify the heat storage capacity of the thermal storage tank at time ¢ and

— L Uioss 31gn1ﬁes the heat loss coefficient of the thermal storage tank. 57 and 5157 signify the charging
and heat release efficiencies of the heat storage tank. Q! and Q_,//, signify the input and output thermal
power of the heat storage tank at time ¢. The relationship between the efficiency of the electrolyzer and its

input power and hydrogen production is shown in Eq. (6).
Perec (1) :nelec'mH(t)'AHf ©)

In Eq. (6), Py (t) is the input power of the electrolyzer at time t. 7., is the efficiency of the
electrolyzer. riy (t) is the hydrogen flow rate. AH is the enthalpy change of hydrogen. The energy balance
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during hydrogen storage can be modeled by the relationship between the temperature, pressure and hydrogen
storage capacity of the hydrogen storage tank, as shown in Eq. (7).

Etank (t) = Etank (t - 1) + Hstorage * mH (t) ' AHf - mH (t) : AHf ' Aloss (7)

In Eq. (7), #storage Tepresents the energy efficiency of the hydrogen storage process. A;,,, represents the
hydrogen loss coefficient during storage. The process of a fuel cell converting hydrogen into electrical energy
can be modeled by its electrical conversion efficiency, as shown in Eq. (8).

Puer (t) = Npuer - i (t) - AHy (8)

In Eq. (8), Ppyer (t) represents the output power of the fuel cell at time t. 7 4,.; represents the efficiency
of the fuel cell. When hydrogen is mixed with natural gas, the output power is shown in Eq. (9).

Pgas(t):ﬂgas'(mHz (t)'mNG(t))+AHf ©)

In Eq. (9), Pgqs (t) represents the gas turbine output power at time t. #],4, () represents the gas turbine
efficiency. mpy, (t) and myg (t) represent the flow rates of hydrogen and natural gas, respectively. The
hydrogen mass and energy balance of each device in the system are constrained by the integrated energy
flow method, as shown in Eq. (10).

ringg (£) = ringg" (t) = riny, """ (1) (10)

s,out

In Eq. (10), mi? (t) represents the hydrogen input flow rate. % (t) represents the hydrogen output

flow rate. m;ﬁ"’“g ° (t) represents the amount of hydrogen stored in the hydrogen storage system.

The mixture of hydrogen and natural gas is converted into hydrogen through a water electrolysis unit,
converting surplus renewable electricity into hydrogen. The hydrogen is then transported through the natural
gas pipeline network to the terminal equipment. To ensure system stability and safety, high-precision flow
meters and gas mixers are used to adjust the hydrogen-to-natural gas flow ratio in real time, ensuring the
hydrogen blending ratio remains within the range of 0%-30%. The Wobbe index is monitored to ensure the
combustion characteristics of the mixed gas meet equipment requirements, preventing excessive hydrogen
ratios from affecting equipment performance. To prevent hydrogen leakage, hydrogen leak sensors are
installed at critical points (such as natural gas pipelines and storage tanks). These leak sensors, combined with
an automatic alarm system, can quickly activate safety measures when a hydrogen leak is detected, such as
closing valves or activating an automatic pressure relief system. Simultaneously, high-strength, leak-resistant
materials (such as stainless steel and nickel alloys) are used in the natural gas pipelines and storage tanks to
ensure system safety under high-pressure conditions. The system design process strictly adheres to relevant
industry standards, such as ISO 14687 (hydrogen quality requirements) and EN 16723 (standard for blending
hydrogen in natural gas systems), to ensure that gas mixing and transportation meet international standards
and guarantee the long-term stable operation of the system. The overall control process of the low-carbon
IES is shown in Fig. 4.

From Fig. 4, the system adopts a control method that combines “heating with electricity” and “optimal
electricity price response”. Based on the actual electricity and heat load status and external electricity prices in
a certain city in Jiangsu Province, the output of hydrogen energy storage devices, fuel cells, CHP units and gas
boilers is dynamically adjusted. When the electric load is sufficient and the heat load is insufficient, priority
is given to using the waste heat of the fuel cell for heating. If there is still a heat gap, it will be compensated
by the gas boiler. When the electricity and heat loads are met and there is excess new energy, the system
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starts electrolysis to produce hydrogen, converts the excess electricity into hydrogen storage, and stores the
waste heat of the fuel cell into a heat storage tank. When the electricity load is insufficient and the heat load
is sufficient, dynamic dispatch is performed based on the electricity price: If electricity prices are high, the
fuel cell or gas turbine will give priority to power supply. If necessary, power will be purchased from outside.
If electricity prices are low, electricity will be purchased directly from the grid. When the electricity and heat
loads are insufficient, the system is optimized according to the electricity price zone: If electricity prices are
high, the fuel cell and CHP operate jointly, and the heat shortage is compensated by the boiler. If electricity
prices are low, the fuel cell and CHP are prioritized. If necessary, outsourced power or heat is purchased,
thereby achieving dynamic optimal operation of economy and low-carbon. If the water electrolysis hydrogen
production unit uses renewable energy, it is assumed that this part of the electricity does not generate carbon
emissions. However, if grid electricity is used, the corresponding carbon emissions need to be calculated
based on the marginal emission factor of the grid.
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Figure 4: The overall control process of the low-carbon IES.

2.2 IES Low-Carbon Transformation Operation Optimization Method Based on Multi-Agent DDPG

The IES low-carbon system can coordinately output electric energy and thermal energy, which can not
only meet the power and thermal needs of the city, but also optimize the energy utilization efficiency and
overall economy. To deal with the operation optimization problem of multi-agent in the low-carbon IES,
combined with the designed system architecture, an IES low-carbon transformation operation optimization
method based on multi-agent DDPG is proposed. This method uses the overall idea of centralized training
and decentralized execution, and divides the low-carbon IES into multiple intelligent entities according to
different parks. While maintaining local independent perception and decision-making capabilities, each
agent shares global information through centralized training to achieve the system operation optimization.
In the model, each city park is treated as an independent agent, representing different energy operating
companies or management units. During the training phase, all agents share global system state information
(including electricity price, load, renewable energy output, hydrogen storage status, etc.), and the global
Q-value function is uniformly evaluated by a central Critic network. In the execution phase, each campus
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runs the Actor network independently and completes scheduling decisions based only on local observation
data without the need to exchange detailed operational data in real time. This approach ensures both the
data privacy and management autonomy of each operating entity, as well as the consistency and stability
of the overall system scheduling. Furthermore, by embedding system operating costs, carbon emissions,
and energy balance constraints into the reward function, each park can automatically meet city-level low-
carbon operation goals while optimizing its own revenue, thereby achieving interest coordination and global
collaborative optimization among multiple operating entities.

In the multi-agent DDPG algorithm, each agent adopts an actor-critic architecture. The core idea of
the Actor-Critic architecture is to optimize through the Actor Network and Critic Network, improving
the efficiency and performance of the decision-making process [22-24]. The Actor Network uses the local
observation data as input and outputs the corresponding action decision. The Critic Network receives the
global status information of the IES and the joint actions of all agents as input, which calculates the global
Q-value function and evaluates the pros and cons of each strategy. Fig. 5 presents the Actor Network.
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Figure 5: Actor network structure.

FC2

From Fig. 5, the Actor Network has two fully connected layers. The first layer is a fully connected layer
with 1024 neuron nodes. ReLU is the activation function to enhance the nonlinear expression ability. The
second layer is a fully connected layer with 500 neuron nodes, which is responsible for high-dimensional
abstraction and mapping of features. The output layer of the network generates continuous action values
based on the action dimensions of the corresponding agent, which are used to describe the optimal
scheduling strategy, thereby completing the forward propagation process of action decisions. Fig. 6 presents
the Critic Network.
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Figure 6: Critic network structure.
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From Fig. 6, the Critic Network has three fully connected layers. The input layer is first mapped to a
500-dimensional feature representation through the first fully connected layer. Then, it is further compressed
into a 128-dimensional feature space through the second fully connected layer. Finally, the Q-value estimate
corresponding to the action space dimension is output through the third fully connected layer. Information
is transferred layer by layer through forward connections between each layer, and optimal actions are found
through gradient ascent. The parameters of the Actor Network and Critic Network of agent j are 07 and 9;.2,

respectively, and the parameters of the target network are 0? and HE.Q, respectively. The output action AJ[' of
the Actor Network is shown in Eq. (11).

AL =u;(of]oy)+ N, (11)

In Eq. (11), y; (O{ |0f ) is the action strategy function of agent j under parameter 0? . N¢ is the noise
term. The optimal scheduling strategy 7 is shown in Eq. (12).

7} = argmax Jy, (9;‘) (12)

In Eq. (12), Jr, (9;4) signifies the policy objective function of the Actor Network. 7; signifies the action

strategy of j. The Q function of agent j at time t is Q; (Of,..., O{,...OF, Al A],',...Alt]). In this
partially observable Markov process S;, the corresponding Q function is displayed in Eq. (13).

Q;(0l,.... 0.0, Al,..., al,..AY) = Q; (8w, Al,..., al,...a7) (13)
The optimal action Vg« J, is shown in Eq. (14).

Vo, = B [90Q (51.41]69) [9arus (01]65) "

In Eq. (14), Eg« is the policy objective function of the Critic Network. Q; (S{ , AJ; |01Q ) is the action state
]
function of agent j. Based on the above design, the multi-agent DDPG algorithm operation optimization
process is shown in Fig. 7.
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Figure 7: Run optimization process.

From Fig. 7, the neural network and related parameters are first initialized. At the beginning of each
training cycle, the system determines whether the preset training rounds have been reached: If it has not
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been reached, it will enter the centralized optimization stage. If the conditions are met, it will enter the
decentralized training stage. In the centralized optimization stage, the low-carbon IES system first initializes
the environmental state and detects the round progress. If the current training round has been completed, the
corresponding action strategy is generated and executed based on network parameters and environmental
information. The system calculates rewards and updates the environment status based on execution feedback,
and stores interactive information such as status transitions, actions, and rewards into the experience pool
for batch updates. After optimizing the network parameters through gradient descent, the process enters the
next round of training. In the decentralized training stage, each agent loads the network parameters obtained
by training and independently executes decisions, and determines whether to generate a scheduling strategy.
If a scheduling strategy is generated, the optimal decision plan is output and executed based on the local
observation state. When the current time step ends, the system determines whether the entire scheduling
cycle has been completed. If it is completed, the training will be terminated. Otherwise, the policy update
for the next period will continue.

The reasonable reward function is a key prerequisite for the multi-agent DRL algorithm to achieve
long-term reward maximization [25-27]. The study uses the negative value of the objective function as the
basic reward. A linear penalty term is introduced to constrain behaviors that do not meet the constraint
conditions. The penalty term is not only related to overshoot (i.e., the extent to which the energy storage
device exceeds its maximum charging capacity) and discharge (i.e., the extent to which it falls below the
expected discharge level), but also includes the overcharge and discharge penalty coefficient of the energy
storage device, which further strengthens the control over the dynamic behavior of the system. The reward
function R; ; is presented in Fq. (15).

Rj:=-C;—R},
Rb _ CIPESS oc +¢ PESS,od (15)
Bss, £5s
P’ d soc,t PESS
ESS, ESS
pESSod = 50C;, - PESS
In Eq. (15), C; and R . are the objective function and penalty term, respectively. PESS % and PESS rod

are the overshoot and dlscharge amounts, respectively. ¢; and ¢, are the overcharge and dlscharge penalty
coefficients of the energy storage device. SOC signifies the energy storage state of charge. The objective
function optimizes the system’s cost, emissions, and reduction targets through negative feedback, driving the
system towards low-carbon and high-efficiency development. A linear penalty term ensures that the energy
storage device is penalized for overcharging and over-discharging, thus preventing system instability caused
by overcharging or discharging. The penalty coefficient is a dynamically adjusted coefficient whose value
can be adjusted according to different operating conditions and objectives to balance the weights between
rewards and penalties. The decision variables mainly include the output power of various energy devices
(such as hydrogen storage devices, gas turbines, and gas boilers). The objective function for optimization
is the system’s operating cost, carbon emissions, energy balance error, and maximizing energy efficiency.
Constraints include the operating constraints of each energy device (such as upper and lower power
limits), load demand (such as electricity and heat demand), energy storage status (such as the charging and
discharging limits of hydrogen storage devices), and policy constraints for low-carbon transition. The time
frame is the entire operating cycle, with time steps discretized within each hour.

Rule-based controllogic (such as “heat-to-electricity” and “optimal electricity price response”) primarily
serves to guide and constrain, ensuring the system’s basic operational stability under specific conditions.
Meanwhile, the multi-agent DDPG strategy provides adaptive decision-making capabilities in dynamic
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and complex environments. The combination of the two ensures that the system can flexibly respond to
electricity price and load fluctuations while achieving optimal scheduling globally through reinforcement
learning. Therefore, rule-based control logic is not completely replaced but rather serves as an auxiliary
mechanism working in conjunction with the DDPG policy to guarantee optimal system operation under
different circumstances.

3 Results
3.1 IES Low-Carbon System Performance Testing

To verify the low-carbon IES system under different seasons, different loads and renewable energy
conditions, a suitable experimental environment was established. The annual load and meteorological
information of a certain city of Jiangsu Province from April 2022 to March 2023 was selected. The sampling
interval is 1 h, with a total of 8760 sets of data, including electrical load, heating load, natural gas consumption,
photovoltaic output, wind power output, ambient temperature and electricity price information. The linear
interpolation method and mean substitution method are used to repair missing data, the 3¢ criterion is
used to eliminate outliers, and the data are input into the system after normalization. With reference to the
“Building Energy Saving Design Standard” (GB 50189-2015) and the typical climate characteristics of Jiangsu
Province, the annual operation cycle is split into heating season (November-March of the following year),
non-heating season (June-September), and transition season (April-May, and October). Multiple typical days
(working days) are selected each quarter for comparative analysis, and rolling evaluations are conducted
across multiple seasons and days based on these typical days. Each seasonal and typical day evaluation is an
independent test set, ensuring that the system’s performance is verified under different environmental condi-
tions to better assess its generalization capabilities. During the experiment, the system reads load, renewable
energy output, meteorological, and electricity price information hourly, and dynamically generates optimal
scheduling strategies based on equipment operating constraints, while simultaneously executing power
allocation and energy dispatch. Furthermore, the traditional IES system is used as a benchmark. The system
continuously records the consumption of electricity, heat, and gas, as well as related economic indicators, to
evaluate the system’s performance under different configurations. The experimental environment software
and hardware settings are presented in Table 1.

Table 1: Hardware and software environment settings.

Serial Number Environment Settings
1 CPU Intel Xeon Gold 6338 2.0 GHz x2
2 RAM 256 GB DDR4
3 GPU NVIDIA A100 40 GB
4 Storage 4 TB NVMe SSD
5 Operating system Ubuntu 22.04 LTS
6 Programming language Python 3.11
7 Deep learning framework PyTorch 2.1
8 Photovoltaic device 50~100 MW
9 Gas turbine 50~100 MW
10 Electric boiler 20~50 MW
11 Hydrogen energy storage device 50~200 MWh
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According to the settings in Table 1, the study first conducted an energy utilization efficiency test on the
low-carbon IES system. The results are shown in Fig. 8.
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Figure 8: Energy utilization efficiency test.

Fig. 8a shows the electric energy, thermal energy and hydrogen energy storage utilization of the low-
carbon IES in different seasons, and Fig. 8b shows the comprehensive energy utilization efficiency in each
season. From Fig. 8a, during the heating season, the thermal energy utilization rate was the highest, reaching
92%, which could fully meet the city’s heating needs. The electric energy utilization rate was 78%, and
the hydrogen energy storage utilization rate was about 65%, indicating that the system could maintain
reasonable electric energy and energy storage dispatching efficiency while ensuring the supply of heat loads.
During the non-heating season, the electric energy utilization rate increased to 90%, the thermal energy
utilization rate dropped to 65%, and the hydrogen energy storage utilization rate was about 60%, indicating
that the thermal load of the city was low and the system scheduling was more biased towards electric energy
utilization. During the transition season, each energy utilization rate was between the heating season and
the non-heating season, and the overall energy utilization efficiency remained above 82%, indicating that the
system could maintain high dispatch flexibility and energy utilization levels. From Fig. 8b, the comprehensive
energy utilization efficiency was about 82% in the heating season, about 80% in the non-heating season,
and about 78% in the transition season. The overall changes are stable, indicating that the low-carbon IES
system can effectively coordinate the utilization in different seasons and achieve the stability of seasonal
energy regulation. The photovoltaic coverage rates are set to 5%, 10%, 25%, and 40%, respectively, and the
wind power capacity proportions are set to 10%, 20%, 35%, and 50%, respectively, and perform typical daily
dispatching. The system economic and carbon emission performance test results under different renewable
energy configuration proportions are shown in Fig. 9.
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Figure 9: Test results of economic efficiency and carbon emission performance.

Fig. 9a shows the changes in the total operating cost under different proportions of photovoltaic and
wind power capacity. Fig. 9b,c presents the corresponding carbon emissions and power curtailment rates,
respectively. From Fig. 9a, the total operating cost of the system showed an obvious downward trend. The
higher the wind power proportion, the lower the total cost. When the photovoltaic coverage rate increased
from 5% to 40% and the wind power proportion increased from 10% to 50%, the total system cost decreased
from US$73.87/MWh to US$49.00/MWh, a decrease of approximately 33.6%. From Fig. 9b,c, the system
carbon emissions decreased significantly, from 0.46 to 0.28 t CO,-MWh™!, with an emission reduction
rate of approximately 39.1%. However, as the proportion of new energy sources was too high, the power
curtailment rate also increased from 1.8% to 6.7%. The increased volatility of wind and solar output has led
to an imbalance in supply and demand during certain periods. Taking into account cost, carbon emissions
and power abandonment rate, when the photovoltaic coverage rate is 25% and the wind power proportion
is 35%, the system operation can reach an optimal state. Under this combination, the study further explored
the impact of energy storage capacity on peak and valley adjustment capabilities and new energy absorption
capabilities. The test results are shown in Fig. 10.
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Figure 10: Peak-to-valley load ratio, charge-discharge cycle, and gas consumption change curves.

Fig. 10a-c respectively shows the peak-to-valley load ratio, storage charge-discharge cycles, and gas
consumption change curves of the system under different energy storage capacities. From Fig. 10a, as the
energy storage capacity increased from 100 to 400 MWh, the peak-to-valley load ratio of the low-carbon IES
decreased from 1.75 to 1.25, with a decrease of approximately 28.6%. It shows that the energy storage device
can effectively cut peaks and fill valleys. The load balancing is effectively achieved, the peak and valley load
differences in the city are alleviated, and the overall scheduling flexibility is improved. From Fig. 10b, when
the energy storage capacity increased, the storage charge-discharge cycles of the low-carbon IES showed
an increasing trend, increasing from 15 times to 38 times. The increased energy storage capacity improves
the adjustment capability, allowing energy storage to participate in power balancing more frequently during
the peak time of new energy output or load fluctuations. From Fig. 10c, as the energy storage capacity
increased, the gas consumption of the low-carbon IES gas turbine and gas boiler also decreased significantly,
with a decrease of approximately 23.4%. The energy storage device uses new energy output and low-priced
electricity to replace the operation of some gas equipment, reduce fossil energy consumption, reduce carbon
emissions, and achieve dual optimization of economy and low-carbonity. Based on the above experimental
results, the designed low-carbon IES can achieve efficient coordinated utilization in different seasons and
different load conditions. After the renewable energy penetration rate and energy storage capacity are
optimized, good results can be achieved in peak shaving and valley filling, reducing carbon emissions and
controlling operating costs.
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3.2 Analysis of Multi-Agent Operation Optimization Results

Based on the system environment constructed in Section 3.1, the study used a typical day in the heating
season (10 January) and a typical day in the non-heating season (15 July) as the test period, and performed
dynamic simulation with a time step of 1 h. The training step is 2 x 10° times, the learning rate is 1 x 107,
the discount factor is 0.99, the experience pool capacity is 10°, the batch size is 128, and the exploration
noise obeys a Gaussian distribution with a mean of 0 and a variance of 0.2. The TD3 algorithm, single-agent
DDPG algorithm, MILP, MIQP, MINLP and Gray Wolf Optimizer (GWO) algorithm were introduced for
comparative testing. Under the same load, weather and electricity price conditions, the differences between
different algorithms were compared in terms of system operating cost, carbon emissions, energy balance
error and training convergence speed, as presented in Table 2.

Table 2: The system operation optimization results of different algorithms on typical days.

. Carbon Energy
) Operating Cost L. Convergence
Season Algorithms (CN¥10,000/day) Emissions Balance Steps (x10%)
’ Y (t COy/day)  Error (%) P
TD3 24.86 82.37 2.94 10.1
Single-agent DDPG 25.93 85.64 3.52 1.7
algorithm
Tvpical d ¢ GWO 28.46 92.73 4.81 15.6
YPICA GaYS 0L Multi-agent DDPG
the heating H-agen 23.42 79.18 212 8.4
algorithm
seasont MILP 2215 75.82 1.81 5.2
MIQP 21.76 74.23 1.63 5.0
MINLP 21.50 73.12 1.45 4.8
TD3 16.88 57.06 2.45 8.7
Single-agent DDPG 1743 59.21 2.86 9.8
algorithm
A typical day GWO 19.02 63.97 3.72 13.8
outside the ~ Multi-agent DDPG 15.91 54.52 1.83 72
. algorithm
heating season
MILP 14.82 51.65 1.51 4.5
MIQP 13.31 49.89 1.43 43
MINLP 14.06 48.10 1.35 41

Note: Operating costs involve power purchase, gas purchase and carbon emission costs. Carbon emissions are
converted based on gas consumption and grid power purchase carbon factor. Energy balance error is the root mean
square error of supply and demand power deviation as a proportion of the total system load.

From Table 2, under typical days in different seasons, each algorithm showed consistent performance
trends on operating costs, carbon emissions, and energy balance, but the difference varied due to seasonal
load changes. On typical days during the heating season, the system heat load increased significantly and
carbon emission levels generally rose. Although the GWO algorithm can quickly provide feasible solutions,
it has a large energy balance error (4.81%) and the largest number of convergence steps (15.6 x 10*), indicating
that its optimization stability is limited in highly coupled nonlinear scenarios. The single-agent DDPG
algorithm improved energy allocation decision-making through DRL strategies, reducing operating costs
by about 8.9% and reducing carbon emissions by about 7.6% compared with the GWO algorithm. However,
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because there is only a single strategy network, it is still easy to fall into local optimality. Influenced by delayed
update and target smoothing mechanisms, the TD3 algorithm further improved convergence stability and
global optimization capabilities, and the energy balance error dropped to 2.94%. The multi-agent DDPG
algorithm establishes a distributed collaborative structure of electricity, heat, hydrogen, and other subsystems
to maximize local benefits while achieving global energy coordination and carbon constraint consistency.
Its operating cost was reduced to CN¥234,200/day during the heating season, and its energy balance error
was only 2.12%, indicating its excellent stability and convergence efficiency under high load and complex
coupling conditions.

On typical days during the non-heating season, the system load structure was dominated by power and
cooling needs, the coupling intensity was low, and the overall operating cost and carbon emissions were
significantly lowered. The multi-agent DDPG algorithm had the best performance. Its operating cost and
carbon emissions were CN¥159,100/day and 54.52 t of CO,/day, respectively, and the energy balance error
was controlled at 1.83%. In addition, the number of convergence steps was the smallest (7.2 x 10*), indicating
that it had good generalization and transfer capabilities in different load scenarios. To further analyze the
response characteristics of different algorithms in a dynamic electricity price environment, the study also
selected the peak hours (17:00-22:00) and the trough hours (1:00-6:00) to evaluate the rationality of different
algorithm scheduling strategies, as shown in Fig. 11.
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Figure 11: Comparison of system operation characteristics under different algorithms.

Fig. 11a shows the system power allocation and unit start-up and shutdown conditions of different
algorithms during the peak period of electricity prices. Fig. 11b shows the energy flow direction and energy
storage unit operating status of different algorithms during periods of low electricity prices. From Fig. 11a,
the multi-agent DDPG algorithm could adaptively adjust the energy supply strategy based on real-time
price signals and system status, prioritized the fuel cells and CHP units for power supply, and utilized
the waste heat stored in the thermal storage tank to lower the frequency of starting and stopping the gas
boiler, unifying economy and low-carbon. From Fig. 11b, during low electricity prices, the multi-agent DDPG
algorithm could actively perform electrolytic hydrogen production operations and convert excess electricity
into hydrogen energy storage. The system power abandonment rate declined from 6.2% in the GWO to
2.1%, effectively optimizing the renewable energy utilization. The change trend of the reward function of the
multi-agent DDPG in different training stages is shown in Fig. 12.
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Figure 12: The changing trend of the reward function of the multi-agent DDPG at different training stages.

Fig. 12a shows the global average reward value, and Fig. 12b shows the change of the instant reward
within a single round. From Fig. 12, in the initial stage of training (0~1 x 10* steps), because each agent
has not fully learned the environmental feedback and dynamic electricity price characteristics, the reward
value shows large fluctuations, and negative rewards dominate, and the system scheduling strategy is not
yet stable. As the number of training steps increased to about 2 x 10* steps, the agent gradually mastered
the rules of energy distribution and load response, the average reward value began to rise significantly,
and the fluctuation amplitude decreased significantly. When the number of training steps exceeded 3 x 10*
steps, the reward curve was stable and finally stabilized in the range of —0.015~-0.020, indicating that the
algorithm achieved stable convergence. The multi-agent DDPG algorithm has good learning ability and
strategy stability in a complex energy system environment, and can complete the convergence process from
random exploration to the optimal scheduling strategy within limited training rounds. Finally, to further
verify the robustness and dynamic adaptability of the multi-agent DDPG in complex operating scenarios,
the study introduced random disturbance factors (electricity price fluctuation +15%, wind speed fluctuation
+20%, and random load change +10%), and tested the system response performance and operational stability
under disturbance conditions, as presented in Table 3.
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Table 3: Operating performance under different disturbance conditions.

The Ener Stabili
. Fluctuation Mean 8y Scheduling vy
Disturbance ) Balance Index
Algorithms Range of Cost Response
Type . Error (Standard
Operating (CNY/h) (%) Delay (s) Deviation)
Costs (%) ’
Single-agent DDPG
Electricity algorithm +74 438.6 4.8 3.8 0.082
price Multi-agent DDPG
fuctuation algorithm +31 4213 2.9 2.4 0.046
Single-agent DDPG
Wind speed algorithm +6.8 4452 5.1 35 0.071
fluctuation Multi- DDP
uiti-agent DDFG 25 4275 25 22 0.039
algorithm
Single-agent DDPG
Random algorithm +8.2 452.8 4.6 3.9 0.069
variation of Multi- t DDPG
load - agen +3.4 4291 27 21 0.038
oa algorithm
Comprehensive Single-agent DDPG
disturbance algorithm +9.5 460.3 5.4 4.0 0.082
scenario i-
Multi-agent DDPG £4.2 432.7 24 23 0.037
algorithm

From Table 3, under random fluctuations in electricity prices, the system operating cost of the multi-
agent DDPG algorithm fluctuated only +3.1%, indicating that the multi-agent algorithm had stronger
dynamic adaptability under external economic disturbances. When wind speed disturbance caused uncer-
tainty in renewable energy output, the multi-agent DDPG algorithm controlled the system energy balance
error within 2.5% through collaborative compensation of energy storage and fuel cells in each region,
showing significant robust control advantages. Under random load fluctuations, the scheduling response
delay of the multi-agent DDPG algorithm was 2.1 s on average, which was nearly 45% shorter than that of the
single-agent DDPG algorithm, indicating that it had higher real-time performance and scheduling agility
under multi-energy dynamic fluctuations. Under a comprehensive disturbance scenario (the three factors
of electricity price, wind speed, and load fluctuate simultaneously), the system stability index (measured by
the standard deviation of energy balance) of the multi-agent DDPG algorithm was 0.037, which was about
55% lower than that of the single-agent DDPG algorithm, verifying its adaptive and robust optimization
capabilities in complex energy environments.

4 Discussion

To verify the IES low-carbon transformation operation optimization method, the performance of typical
energy optimization and scheduling methods in the existing literature was comparatively analyzed. First
of all, in terms of economic optimization, the cogeneration system optimization method based on the
improved PSO algorithm proposed by Li et al. reduced operating costs by approximately 11.4% under typical
operating conditions [28]. Xu and Xiang utilized the DDPG to optimize micro-energy networks, with a cost
reduction of 9.8% [29]. The proposed model achieved a cost optimization rate of 15.3% under the same test
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conditions, which was better than that of the above-mentioned literature methods. The results show that
the multi-agent structure has higher search efficiency and global optimal capabilities when dealing with
multi-energy flow collaborative optimization problems, and can effectively reduce the operating costs of
complex systems. Secondly, in terms of low-carbon performance, the CHP scheduling method based on
reinforcement learning proposed by Tan et al. achieved a carbon emission reduction rate of approximately
17.2% [30]. The proposed model achieved a 21.6% reduction in carbon emissions while considering the multi-
energy coupling constraints of heat, electricity, and hydrogen. The multi-agent collaboration mechanism and
dynamic reward function design can further enhance the models energy-saving and emission-reduction
capabilities. In addition, the research improved peak and valley load reduction and energy storage utilization
by 22.8% and 18.5%, respectively, further verifying the advantages of reinforcement learning algorithms in
dynamic scheduling of complex energy systems.

In summary, the IES low-carbon transformation operation optimization method relying on multi-
agent DDPG is superior to the optimization methods in the current mainstream literature in terms of
economy, carbon emission reduction capability, convergence stability, and comprehensive performance. Its
innovation is mainly reflected in three aspects: (1) At the algorithmic mechanism level, the search efficiency
of reinforcement learning in high-dimensional state space is significantly improved through multi-agent
parallel collaboration and shared experience mechanisms; (2) At the energy coupling level, the algorithm
utilizes the complementary characteristics of heat, electricity, hydrogen and other multi-energy to achieve
global optimal scheduling under complex constraints; (3) At the engineering application level, the research
has verified the versatility and robustness in typical daily scenarios, providing a generalizable theoretical
basis and practical path for intelligent control of multi-energy systems.

5 Conclusion

As energy demand continues to grow and awareness of environmental protection increases, the IES
operation optimization method based on reinforcement learning has become the key to solving energy
efficiency. This study proposed an IES low-carbon transformation operation optimization method based
on multi-agent DDPG. This method built a low-carbon IES system with hydrogen energy storage as its
core, forming a comprehensive energy supply architecture with complementary electricity, heat, and gas.
By introducing the dual-channel energy conversion mechanism of “electricity-hydrogen-electricity” and
“gas-hydrogen-gas”, deep coupling and dynamic balance between multiple energy sources were achieved,
providing a flexible and efficient operation basis for low-carbon cities. Experimental results showed that as
the energy storage capacity increased from 100 to 400 MWh, the peak-to-valley load ratio of the low-carbon
IES decreased from 1.75 to 1.25, with a decrease of approximately 28.6%. The gas consumption of gas turbines
and gas boilers also dropped significantly, at 23.4%. The designed low-carbon IES could achieve efficient
coordinated utilization in different seasons and different load conditions, fully verifying the rationality and
feasibility of the system. The multi-agent DDPG realized collaborative optimization among multiple energy
entities. This algorithm completed strategy evaluation and update through the Actor-Critic structure in the
continuous action space, effectively improving the learning efficiency and global convergence of complex
systems. The operating cost of the multi-agent DDPG was reduced to CN¥234,200/day during the heating
season, and the energy balance error was only 2.12%. On typical days during the non-heating season, its
operating costs and carbon emissions were CN¥159,100/day and 54.52 t of CO,/day, respectively, and the
energy balance error was controlled at 1.83%, verifying its adaptive and robust optimization capabilities in
complex energy environments. However, the current experimental data are mainly based on typical daily
scenarios. In the future, multi-period, seasonal and sudden load data can be introduced to improve the time
series generalization ability.
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