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ABSTRACT: In the field of low-carbon building systems, the combination of renewable energy and hydrogen energy
systems is gradually gaining prominence. However, the uncertainty of supply and demand and the multi-energy flow
coupling characteristics of this system pose challenges for its optimized scheduling. In light of this, this study focuses
on electro-thermal-hydrogen trigeneration systems, first modelling the system’s scheduling optimization problem as
a Markov decision process, thereby transforming it into a sequential decision problem. Based on this, this paper
proposes a reinforcement learning algorithm based on deep deterministic policy gradient improvement, aiming to
minimize system operating costs and enhance the system’s sustainable operation capability. Experimental results show
that compared to traditional reinforcement learning algorithms, the reinforcement learning algorithm based on deep
deterministic policy gradient improvement achieves improvements of 12.5% and 22.8% in convergence speed and
convergence value, respectively. Additionally, under uncertainty scenarios ranging from 10% to 30%, cost reductions
of 2.82%, 3.08%, and 2.52% were achieved, respectively, with an average cost reduction of 2.80% across 30 simulated
scenarios. Compared to the original algorithm and rule-based algorithms in multi-uncertainty environments, the
reinforcement learning algorithm based on improved deep deterministic policy gradients demonstrated superiority in
terms of system operating costs and continuous operational capability, effectively enhancing the system’s economic and
sustainable performance.
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1 Introduction
In the face of increasingly severe global climate change, the low-carbon transformation of the con-

struction industry, as a significant component of energy consumption and carbon dioxide emissions, has
become the key to attaining sustainable development [1]. Constructing efficient and clean building energy
systems to reduce carbon emissions has become the focus of interest in the industry [2]. In this context,
the electricity-hydrogen-heat trigeneration (EHHT) system provides substantial technical support for the
low-carbon transformation of building energy systems by virtue of its benefits of high energy utilization
efficiency, low pollutant emissions, and diversified energy supply.

By combining diverse kinds of energy and supplementing with energy storage devices, EHHT systems
can effectively enhance energy usage efficiency and minimize dependence on traditional fossil energy
sources, hence lowering carbon emissions [3]. However, there are still significant hurdles to achieve
coordinated and optimal scheduling of multiple energy sources within an EHHT system to fully leverage its
energy-saving and emission-reduction potentials [4]. Dispatch optimization coordinates the regulation of
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multiple energy flows, such as electricity, heat, and gas, and energy storage equipment, with the objectives
of economic efficiency, low carbon emissions, and reliability, to address the strong uncertainty and complex
multi-energy coupling issues caused by the high proportion of renewable energy integration. Its core lies
in establishing an optimization framework that encompasses energy hub models, multi-energy network
constraints, and uncertainty handling methods (such as stochastic programming or reinforcement learning)
and utilizing mixed-integer programming, intelligent algorithms, or distributed optimization for solutions.

Traditional optimization approaches are generally difficult to attain optimum outcomes when dealing
with complicated systems, uncertainties, and nonlinear interactions [5]. For example, due to the dynamic
changes in electricity price, load demand, renewable energy output and other factors, the operation opti-
mization of EHHT systems needs to consider numerous constraints and uncertainties, making it difficult for
traditional optimization methods to meet the actual needs in terms of computational efficiency and global
optimization search capability [6]. In addition, these classic optimization approaches frequently involve the
construction of precise system models, including equipment models, load models, energy pricing models,
etc. [7]. Establishing an accurate model needs a great quantity of data and skill, and it is challenging to
explain the uncertainties adequately in the system [8]. Even if the model is constructed, it is impossible to
ensure the accuracy of the model, and the model mistake may contribute to the departure of the optimization
outcomes [9]. Consequently, conventional optimization techniques frequently struggle to attain optimal
outcomes in complicated EHHT system scheduling issues, necessitating the urgent development of a novel
optimization approach to address these challenges.

As an intelligent optimization method, RL (Reinforcement Learning) provides a promising solution to
the coordination and scheduling challenges of EHHT systems [10]. RL learns the optimal control strategy
by interacting with the environment and possesses the ability of self-adaptation and dealing with complex
problems [11]. It circumvents the reliance on exact system models and learns control strategies autonomously
by interacting with the environment without the need for complex mathematical models [12]. The Deep
Deterministic Policy Gradient (DDPG) algorithm is particularly suitable for the coordinated scheduling
problem of EHHT systems, capable of dealing with continuous action spaces, and highly compatible with
the control requirements of EHHT systems, and it has convergence and robustness [13]. Therefore, RL,
especially the DDPG algorithm, provides a novel and effective solution for the coordinated scheduling of
EHHT systems. Currently, demand response research has also been conducted under simple models [14].
As system complexity increases, traditional DDPG algorithms often suffer from slow convergence speeds
and poor performance. Therefore, developing a novel DDPG algorithm for EHHT optimization scheduling
will help improve energy efficiency, reduce operational and carbon dioxide emissions, and facilitate the
low-carbon transformation of building energy systems.

The aim of this paper is to investigate a coordinated scheduling strategy for low-carbon building EHHT
systems based on DDPG. The main contributions of this paper are:

• An EHHT system model is built that takes into account various energy sources, such as heat, hydrogen,
electricity, and energy storage devices. The corresponding Markov decision process is also designed,
providing a foundation for the efficient scheduling of the EHHT system.

• To optimize system operation, increase energy usage efficiency, reduce carbon emissions, and account
for the effects of numerous uncertainty factors, a coordinated scheduling technique (I-DDPG) based on
the improvement of DDPG is proposed for the EHHT system.

• A theoretical foundation for the real implementation of EHHT systems in low-carbon buildings is
provided by simulation studies that compare I-DDPG with the outdated DDPG approach and show
significant improvements in system energy efficiency and operation cost.
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2 System Model and Optimization Problem Setting
The flow of EHHT is shown in Fig. 1, which includes a photovoltaic (PV) power generation unit, an

alkaline electrolytic water unit (AEW), a hydrogen storage unit (HST), a proton exchange membrane fuel
cell unit (PEMFC), a heat pump unit (HP), and a thermal energy storage unit (TES). The PV is supplied
to the building occupants while the excess power is used for the AEW, which is thus stored in the form of
hydrogen energy. In the scenario where there is no PV at night, the stored hydrogen is used in the PEMFC
to generate electricity, while the coupled heat pump recovers and refines the heat generated by the battery,
which is stored by the HS for supplying to the users. The system parameters are shown in Table 1. In addition,
all internal models used in this study have been validated in relevant studies.

Figure 1: Processes of electric-hydrogen-heat trigeneration system for low-carbon building

Table 1: Parameters of system model

Systems Parameters Values

Photovoltaic generation power

ηre f 0.2
ηinv 0.95

βre f /○C−1 0.0045
τ 0.855

Tre f /○C−1 25
TPV /○C−1 35

Urev /V 1.23
s/V 0.33824

(Continued)
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Table 1 (continued)

Systems Parameters Values
t1/(m2/A) −0.01539

t2/(m2⋅○C/A) 2.00181
t3/(m2⋅○C2/A) 15.24178

r1/(Ω⋅m2) 4.45153 × 10−5

Electrolysis r2/(Ω⋅m2/○C) 6.88874 × 10−9

d1/(Ω⋅m2) −3.12996 × 10−6

d2/(Ω⋅m2/bar) 4.47137 × 10−7

f11/ (A2/m4) 478,645.74
f12/ (A2/m4⋅○C−1) −2953.15

f21 1.0396
f22/ ○C−1 −0.00104

Fuel cell ηH
ηH

2.1 Photovoltaic Generation Power Model
PV power generation model, refer to the study of Li et al. [15]. The calculation of PV power generation

Pel is shown in Formula (1).

Pel = ηinv ηPV τAPV NPV G (1)

where τ denotes optical efficiency, APV denotes PV area, G denotes radiation intensity, NPV denotes the
number of PVs, and ηinv denotes the photovoltaic conversion efficiency. ηPV denotes the photovoltaic
efficiency, calculated as shown in Formula (2).

ηPV = ηre f [1 − βre f (TPV − Tre f )] (2)

where ηre f denotes the reference efficiency, βre f denotes the temperature reference factor, Tre f denotes the
reference temperature, and TPV denotes the effective PV temperature.

2.2 Electrolysis Model
The model of hydrogen production by electrolysis mainly consists of electrolysis voltage, hydrogen

production and electrolysis power. The electrolysis voltage Ve is calculated as shown in Formula (3) [16].

Ve = Vr + [r1 + d1 + Te ⋅ r2 + pe ⋅ d2] ⋅ ie + k ⋅ log [(t1 +
t2

Te
+ t3

Te
2) + 1] (3)

where Vr denotes the reversible potential, ie denotes the current density, ti and k denote the activation
impedance, r and d denote the ohmic impedance factor, Te and pe denote the electrolysis temperature and
electrolysis pressure, respectively.

Hydrogen yield nH2 , produc t ion calculations are shown in Formulas (4) and (5):

nH2 , produc t ion =
Ne ⋅ ie ⋅ Ae ⋅ ηF

2F
(4)
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ηF = (
ie

2

f11 + Te ⋅ f12 + ie
2) ⋅ ( f21 + Te ⋅ f22) (5)

where Ne denotes the number of electrolyzer, Ae denotes the area of electrolysis, ηF and F are the Faraday
constant and Faraday efficiency, respectively.

Electrolytic power We can be expressed as the product of electrolytic voltage Ve , current density ie ,
number of electrolytic cells Ne and electrolytic area Ae , calculated as shown in Formula (6).

We = Ne ⋅ Ve ⋅ ie ⋅ Ae (6)

2.3 Hydrogen Storage Tank Model
The hydrogen storage tank is used as a daytime storage for hydrogen produced from PV electrolysis and

supplied to the fuel cell at night to generate electricity. The formula for the pressure of the hydrogen storage
tank as a function of time is shown in Formula (7) [17]:

TPH
t+1 = TPH

t −
zt nH2 ,t RTH

2VH
(7)

where TPH
i and nH2 ,t denote the hydrogen storage tank pressure and hydrogen flow rate at a certain moment,

TH and VH denote the hydrogen storage tank temperature and hydrogen volume, respectively. zt denotes the
hydrogen compression factor, which is calculated as shown in Formula (8).

zt (TPt) = 1 +
9
∑
i=1

ai (
Tre f

TH
)

bi

(TPt)ci (8)

2.4 Fuel Cell Model
Hydrogen consumption is the key variable when scheduling the fuel cell system in the EHHT system

and is calculated as shown in Formula (9) [18].

nH2 ,consum ption =
N f c ⋅ i f c ⋅ A f c

2F
(9)

where N f c , A f c and i f c denote the number of cells, cell area, and cell current density, respectively. In addition,
the fuel cell exotherm considered, the recoverable heat can be calculated by Formula (10).

Q f c =Wf c
ηH

ηE
(10)

where Q f c and Wf c denote the battery heat production and power generation, respectively, ηH and ηE denote
the battery thermal efficiency and power generation efficiency, respectively.

2.5 Heat Pump Model
Heat pumps, as a system that can recover waste heat and further improve the quality, can be com-

bined with fuel cells to provide higher temperature heat demand for buildings [19]. COP (coefficient of
performance) as a key metric for evaluating heat pumps is calculated [20] as shown in Formula (11).

COP = h1 − h2ΔTHP + h3ΔT2
HP , 15 ≤ ΔTHP ≤ 60 (11)
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where hi denotes the coefficient for calculating the COP, hi (i = 1, 2, 3) take the values 6.81, 0.111, 0.00063,
respectively. And ΔTHP denotes the difference between the lifting temperature and the reference temperature.
The amount of heat that can be provided by the heat pump QHP is calculated as shown in Formula (12).

QHP =WHP ⋅ COP (12)

where WHP denotes the power consumption of the heat pump.

2.6 Thermal Energy Storage Model
Considering the uncertainty in the scheduling of heat demand in buildings, excess heat needs to be

stored, hence the need for a thermal storage system. The key parameter of the thermal storage tank is quan-
tified in terms of TESD (Thermal energy storage degree) which is calculated as shown in Formula (13) [21].

TESDk+1 = TESDk −
QTES ,k

Hc
ΔT (13)

where QTES ,k represents the heat exchange power of the thermal storage system. Positive and negative values
of this variable indicate the exothermic and impulsive processes of the thermal storage system, respectively.
Hc for the maximum heat storage tank heat storage capacity.

2.7 Optimization Problem Formulation
In the EHHT, the integration of the hydrogen storage tank with the thermal storage tank significantly

enhances the flexibility of the system. Specifically, when the daytime PV power output exceeds the immediate
demand, the system directs the excess power resources to the electrolyzer for hydrogen production, and
stores the produced hydrogen in the hydrogen storage tank for use at nighttime. In view of this operation
mechanism, the core of the dispatch optimization problem for the described EHHT is to rationally deploy the
generation output power of the fuel cell, the power consumption power of the heat pump, and the electrolysis
power of the electrolysis tank, with the aim of minimizing the operation cost of the system while maximizing
the sustained and efficient operation capability of the system. Based on this objective, this study constructs a
corresponding objective function system and sets a series of necessary constraints to ensure the scientifical
and feasibility of the optimization process.
(1) Objective functions

J =min
T
∑
t=1
(λ1COM,t) + CT

⎧⎪⎪⎪⎨⎪⎪⎪⎩

COM,t = ∑
k

OMkPk,t

CT = λ2 ∣HSDT −HSD0∣ + λ3 ∣TPT − TP0∣

(14)

where k represents different devices, OMk corresponds to the unit operating cost of device k, and Pk,t denotes
the power output of device k at time t. The coefficients (λ1, λ2 and λ3) are parameters to be calibrated to
balance the operating cost of the system with the sustainable operating cost. The coefficients are parameters to
be calibrated to balance the system operating expenses with the sustainable operating expenses and to ensure
that they are harmonized on an order of magnitude. In addition, HSD0 and TP0 refer to the energy storage
levels of the heat storage and hydrogen storage tanks at the beginning of the scheduling cycle, respectively,
while HSDT and TPT correspond to the energy storage status of the two storage devices at the end of the
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scheduling cycle. The initial energy storage states of the heat storage tank and the hydrogen storage tank are
set as follows:

HSD0 = (HSDmax +HSDmin) ⋅ 0.5 (15)

TP0 = (TPmax + TPmin) ⋅ 0.5 (16)

where HSDmax and HSDmin denote the upper and lower limits of the energy storage state of the thermal
storage tank, respectively. TPmax and TPmin are the upper and lower limits of the energy storage state of the
hydrogen storage tank, respectively.
(2) Balance and equipment constraints

Ensuring that a set of constraints is met during system operation is critical to maintaining the safety and
stability of the system. These constraints cover the supply-demand balance between the EHHT and the users,
the power output limits of the components within the EHHT, and the climbing power limits of the energy
storage devices. In view of this, the following power balance constraints and equipment power constraints
are set:

PFC
E,t + PPV

E,t = PL
E,t + PHP

E,t + PEC
E,t (17)

PFC
H,t + PHP

H,t + PTES
H,t = PL

H,t (18)

PFC
E,min ≤ PFC

E,t ≤ PFC
E,max (19)

PHP
E,min ≤ PHP

E,t ≤ PHP
E,max (20)

PEC
E,min ≤ PEC

E,t ≤ PEC
E,max (21)

NHST
min ≤ NFC,t ≤ NHST

max (22)

N HST
min ≤ NEH,t ≤ N HST

max (23)

HSDmin ≤ HSDt ≤ HSDmax (24)

TPmin ≤ TPt ≤ TPmax (25)

Among them, Formulas (17) and (18) are the constraints of the set-up electric-heat supply-demand
balance, Formulas (19)–(21) represent the constraints of the fuel cell output power, the electric power used by
the heat pump, and the electrolysis power of the electrolysis tank, Formulas (22) and (23) are the constraints
of the hydrogen flow rate of the hydrogen inlet and outlet of the hydrogen storage tank, and Formulas (24)
and (25) are the constraints of the energy storage state of the heat storage tank and the hydrogen storage
tank, respectively.

In the system optimization process, the core challenge stems from the inherent uncertainty of renewable
energy sources and the complexity of the system model, which covers the phenomenon of multi-energy-flow
coupling and source-load uncertainty, which significantly enhances the planning difficulty of the scheduling
strategy. Traditional rule-based scheduling algorithms are highly dependent on the experience of experts,
and their scheduling performance is often unsatisfactory in the face of unknown scenarios. In addition, both
standard optimization algorithms and general-purpose reinforcement learning algorithms usually require
the system state to be discretized or optimized in predefined scenarios, which leads to poor scheduling
performance in real-world environments full of uncertainty. uncertainty problem encountered during the
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actual operation, thus overcoming the above limitations. In particular, the DDPG algorithm can deal with
continuous state and action space directly, which significantly enhances the real-time response speed and
operation efficiency of the system in complex and changing environments. The following section details how
the DDPG algorithm can be utilized to address the multi-dimensional uncertainty challenges faced by EHHT.

3 Deep Deterministic Policy Gradients

3.1 Markov Decision Process
Markov Decision Process (MDP) provides a solid and stable theoretical framework for the field

of reinforcement learning by accurately characterizing the dynamics of system-environment interaction.
Specifically, it skillfully transforms complex scheduling optimization problems into sequential decision-
making problems, i.e., dynamic decision-making and planning over continuous time series. A standard
MDP usually consists of five core elements: state space, action space, state transfer probability matrix,
reward function, and discount factor. Given that this paper adopts a reinforcement learning algorithm for
prediction-free modeling, the MDP model constructed in this paper can be formulated as follows:

• state space

In the Markov decision process model constructed in this paper, the key parameters of the system
operation are comprehensively covered, specifically, the time variable, the electric load demand, the heat load
demand, the storage level of the heat storage tanks, and the storage state of the hydrogen storage tanks. These
state variables are expressed through the following mathematical formulas:

st = [t, PL
E,t , PL

H,t , PPV
E,t , HSDt , TPt]

T (26)

• action space

The action space includes the power generated by the fuel cell, the power used by the heat pump, and
the electrolysis power of the electrolyzer.

αt = [PFC
E,t , PHP

E,t , PEC
E,t ]

T (27)

• reward function

Within the reinforcement learning framework, the construction of the reward function is a crucial
aspect that profoundly affects the overall effectiveness of the algorithm. Therefore, it is indispensable to
ensure that the reward function is set appropriately. It is worth noting that even if the energy storage device is
introduced as a regulating mechanism to mitigate the impact of instantaneous decisions, it is still difficult to
ensure that the decisions made can strictly comply with the preset constraints at the early stage of training, as
the algorithm is usually initialized with stochastic parameters at the initial stage. To address this challenge,
this paper integrates an additional penalty term in the reward function, aiming to accelerate the convergence
process and improve the performance of the algorithm, as well as to ensure that the decision-making process
always stays within the constraint bounds. Based on the above considerations, the reward function designed
in this paper is formulated as follows:

R =
⎧⎪⎪⎨⎪⎪⎩

−rt , 0 < t < T − 1

−(rt + CT) , t >= T − 1

rt = λ1COM,t + λ4Cout,t

Cout,t = μ1Pout
H,t + μ2Pout

TP,t + μ3Pout
E,t

(28)
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where the first term of the reward function is consistent with the objective function of the scheduling
optimization problem COM,t and CT are given in Formula (14). Cout,t are additional penalties, in which
thermal imbalance penalties, hydrogen storage tank pressure constraint penalties, and electrical imbalance
penalties are Pout

H,t , Pout
TP,t and Pout

E,t , respectively, λ4, μ1, μ2 and μ3 are parameters to be adjusted to ensure that
the algorithm can quickly and efficiently converge to an optimization strategy that satisfies all the constraints
during the training process.

3.2 Improvement of Reinforcement Learning Algorithm
Within the framework of traditional DDPG algorithms, to enhance the exploration capability, Ornstein-

Uhlenbeck (OU) noise is introduced as a key tool aimed at improving the algorithm’s exploration efficiency
in the state space. Specifically, the mechanism superimposes OU noise on the actions outputted by the actor
(Actor) network at each time step and subsequently utilizes the noise-laden actions to interact with the
environment. In addition, by designing a decay strategy for the noise, the algorithm is able to achieve a
dynamic balance between exploration and exploitation. However, the introduction of OU noise in the early
stages of training may lead to a potential problem: even if certain actions perform well on their own, their
actual effects may be weakened due to the interference of noise, which may cause the algorithm to miss the
opportunity of accumulating these high-quality experiences.

In light of the above considerations, this paper proposes a multiple exploration mechanism that aims
to optimize the initial learning phase of the algorithm to ensure that these potentially beneficial experiences
can be captured and exploited earlier and more efficiently. The mechanism is initially designed to reduce
the number of high-quality action experiences that are accidentally overlooked due to the addition of noise,
thereby facilitating the algorithm to reach a more efficient and robust balance between exploration and
exploitation. Fig. 2 details the specific steps of the algorithm optimization process. Specifically, while noise
is introduced during the execution of an action, the original action (i.e., the action without added noise)
and an adjusted action obtained by directly subtracting the corresponding noise value from the original
action are preserved. To preserve the empirical information accumulated by the original algorithm, the
experience gained from the noise-containing action’s interaction with the environment is set as an item that
must be preserved. Subsequently, the other two actions (original action and adjustment action) were allowed
to interact with the environment as well, and the set of action experiences with the highest reward value
was selected from them. Next, this set of action experiences is compared with the experiences generated
by the noise-containing action in terms of reward value: if the reward value is higher than the reward
value corresponding to the noise-containing action, then this set of action experiences is stored in the
experience buffer along with the original experiences; otherwise, only the original experiences are stored in
the experience buffer alone.

3.3 Algorithm Parameters and Network Initialization
In algorithm design, the selection of key parameters plays a crucial role in algorithm performance. For

example, in the process of neural network training, if the learning rate is set too high, it may lead to the
phenomenon of gradient explosion, thus hindering the effective updating of the network weights; on the
contrary, a learning rate that is too low will make the learning process of the algorithm become sluggish and
slow down the convergence speed, which in turn affects the final learning effect. Therefore, in the scheduling
optimization process, reasonable parameter configuration constitutes an indispensable link. Table 2 [22]
details the values of several key parameters in the scheduling optimization algorithm proposed in this paper.
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Figure 2: Operational process improved reinforcement learning algorithm

Table 2: Parameters of I-DDPG algorithm

Parameters Values Parameters Values
aP , aQ 0.0015, 0.001 δmin 0.01

τ 0.001 Td eca y 4800
T 24 λ1 0.01

Episode 200 λ2 10
γ 0.99 λ3 1

Buffer size 4000 λ4 1
Batch size 64 μ1 2

μ, θ 0, 0.15 μ2 1.2
δmax 0.6 μ3 1.5

Fig. 3 shows in detail the network initialization architecture used by the algorithms in this study.
Specifically, each network, i.e., P-network and Q-network, consists of an input layer, a hidden layer, and an
output layer. In the hidden layer construction, FC represents the fully connected layer, which is responsible
for achieving extensive connectivity between neurons, and LN represents the layer normalization layer,
which aims to improve the training stability and convergence speed of the model. In addition, Relu and
sigmoid functions are used as activation function layers, respectively, to introduce nonlinear properties to
enhance the expressive power of the network.

As can be observed from the presentation in Fig. 3, the P-network is designed as a network structure with
six input nodes and three output nodes. It is responsible for receiving state information from the environment
and outputting the corresponding action strategies accordingly. In contrast, the Q network is configured as
a structure containing 9 input nodes (corresponding to combinations of states and actions) and 1 output
node, whose function is to receive state-action pairs as inputs and to output an assessment of the value of
that state-action pair. Such a network design reflects the different functions and roles of the strategy network
and the value network in reinforcement learning.
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Figure 3: Network initialization structure of I-DDPG

4 Results and Discussion
Initializes the scene, then analyzes the comparison results of a typical day scene, and finally compares

the performance of the scheduling algorithm under random conditions.

4.1 Simulation Scene Initialization
To simulate the source-side and load-side uncertainties encountered in the actual operation of the

EHHT, this study devised a methodology whereby a series of source-load scenarios are randomly generated
based on a preset typical day scenario before each training iteration. Specifically, this process involves
introducing a source-load fluctuation of no more than 30% into the typical scenarios as a baseline prior to
the start of each training iteration to simulate the uncertainties that exist in the actual operating environment
of the EHHT. The implementation of an optimal scheduling strategy in this uncertainty framework aims
to enhance the robust performance of the algorithm in the face of uncertainty scenarios. The typical daily
scenarios used in this study are illustrated in Fig. 4, which includes the electrical load (E), thermal load (H),
PV power (PV ), and ambient temperature (TE).

Figure 4: Variation diagram of the EHHT system in a typical day scene source load
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4.2 Experimental Results and Analysis under Typical Day Scenarios
To ensure the rigor and reliability of the comparative analysis of the algorithms, this study preserved

the source-load scenes and their accompanying noise data generated by the original algorithm in the
training phase during the implementation of the optimal scheduling strategy for the established algorithm.
In addition, the complete consistency of the network initialization parameters is ensured, i.e., the training
process is re-run with the improved algorithm using the same training scenario with the same noisy dataset
under the same network initialization configuration. This series of measures aims to ensure the reliability
of the comparison experiments and the validity of the results so as to accurately assess the performance
difference between before and after the algorithm improvement.

Fig. 5 visually presents a comparison of the convergence curves of I-DDPG and the original algorithm
while keeping the same source-load scenario, noise characteristics, and network initialization parameter
settings. During the initial exploration phase of the algorithm, both exhibit large negative reward values,
reflecting the fact that the algorithm has not yet found an effective strategy in its initial attempts. As the
training process progresses, I-DDPG continues to show a significant advantage over DDPG in terms of
reward values, thanks to its designed mechanism of storing multiple sets of excellent experiences. Specifically,
I-DDPG begins to converge gradually at about 140 training rounds, although there are still slight fluctuations
due to noise disturbances, while the DDPG algorithm delays until about 160 rounds before it begins to
converge. In terms of convergence speed, I-DDPG achieves a 12.5% improvement over the original algorithm.
To further refine the analysis, the inset in Fig. 5 partially zooms in on the reward values of the last 20 training
rounds, thus clearly demonstrating the difference in convergence values between the two. The results indicate
that the average reward value of the DDPG algorithm in the last 20 rounds is −3.0498, while that of I-
DDPG improves to −2.3542. At the level of converged mean value, I-DDPG achieves a 22.8% improvement
compared to the DDPG algorithm. This significant improvement not only validates the reasonableness of the
proposed improvements in this paper but also highlights the advantages of I-DDPG in improving training
efficiency and performance.

Figure 5: Comparison of different algorithm convergence curves

The two algorithms for the energy storage state change of the energy storage device under a normal
day scenario are compared in Fig. 6. First, it can be seen that the two algorithms exhibit a high degree of
consistency in the trends of the energy storage states of hydrogen storage tanks with regard to the energy
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storage changes of these tanks (as depicted in the upper portion of Fig. 6). In contrast to the original
algorithm, I-DDPG continuously maintains a higher level of energy storage state in hydrogen storage tanks
because of its stored high-quality empirical data. Because of this benefit, the hydrogen storage tank’s state at
the conclusion of I-DDPG’s scheduling is closer to its initial state, demonstrating the algorithm’s optimization
effect on energy storage management. The two algorithms exhibit notable variations in the trend of the
energy storage state of the storage tank when the energy storage change of the tank is observed (as depicted
in the lower portion of Fig. 6). I-DDPG, in particular, exhibits a smoother trend in the energy storage state
change of thermal storage tanks, indicating that it can more effectively balance the processes of heat storage
and release and lessen the sharp fluctuations in energy storage state. The efficiency of I-DDPG in enhancing
the system’s capacity for sustainable operation is further demonstrated by the fact that, at the conclusion of
scheduling, the heat storage tank’s condition is more comparable to that at the beginning of scheduling.

Figure 6: Comparison of state changes of energy storage devices

Fig. 7 demonstrates the power balance characteristics of the I-DDPG algorithm under typical daytime
scenarios. It can be observed through the power balance diagram that the algorithm exhibits significant
strategy differentiation under different PV conditions: during the nighttime PV-free hours, the system adopts
a conservative energy management strategy, through dynamically optimizing the output curve of the fuel cell,
to satisfy the demand of the base electric load while controlling the power generation of the fuel cell at a lower
level, and actively reducing the power consumption of the heat pump, so as to achieve efficient distribution
of electric energy. When the PV output is sufficient, the system switches to PV priority mode: firstly, the PV
power is fully consumed, most of which is stored through hydrogen production in the electrolyzer, and the
remaining small part of electricity is directly supplied to the electric load and heat pump. This phase avoids
frequent start/stop of the fuel cell and significantly extends the equipment life.

The heat balance analysis in Fig. 8 further reveals the multi-energy coupling characteristics. In the case
of no PV, the system constructs a double guarantee mechanism of “fuel cell waste heat + heat release from
the storage tank”, in which the heat release strategy of the storage tank reduces the heat supply pressure of
the fuel cell. When the PV is available, the system utilizes the high COP value of the heat pump in that
period to generate a large amount of heat and supplement the heat storage tank. In summary, the I-DDPG
has significant energy management optimization capability, which can efficiently achieve reasonable storage
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and timely distribution of energy, and ensure the continuity and stability of power and heat supply under
different lighting conditions.

Figure 7: Electrical balance diagram for typical day scenario

Figure 8: Heat balance diagram for typical day scenario

4.3 Performance Analysis of Multiple Algorithms under Stochastic Conditions
To verify the performance of the proposed I-DDPG in terms of robustness and performance advantages,

this study conducts an in-depth performance analysis of the I-DDPG, the original algorithm, and the rule-
based algorithm under various uncertainty scenarios. Specifically, different levels of random volatility, i.e.,
10% volatility, 20% volatility, and 30% volatility, are introduced on the basis of typical daily scenarios,
and thirty sets of test scenarios are randomly generated based on these volatility levels. Subsequently, the
performance of the three algorithms is exhaustively analyzed and compared under these thirty sets of test
scenarios. The results of the relevant performance analysis and comparison are presented in Table 3.
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Table 3: Comparison of different algorithms scheduling results under different uncertainties

Algorithm
TPT HSDT Csc

10% 20% 30% 10% 20% 30% 10% 20% 30%
Rule-based 9.66 9.64 9.63 0.40 0.43 0.45 69.34 67.62 68.27

DDPG 9.67 9.65 9.66 0.55 0.56 0.55 53.42 52.85 53.89
I-DDPG 9.71 9.69 9.69 0.55 0.56 0.57 51.91 51.22 52.53

Table 3 demonstrates the average performance metrics of different algorithms under each uncertainty
level. The analysis results show that both the DDPG and I-DDPG algorithms exhibit superior control in the
hydrogen storage tank pressure regulation task compared to the traditional rule-based approach, and their
regulation results are closer to the initial state of scheduling. Further comparing the two reinforcement learn-
ing algorithms, the control accuracy of I-DDPG under 10%, 20%, and 30% uncertainty levels is improved by
0.41%, 0.41%, and 0.31%, respectively, compared with that of DDPG, showing stronger robustness. As for the
energy storage state of the heat storage tank, the final state of the tank for both algorithms presents similar
levels when faced with 10% vs. 20% uncertainty scenarios. However, under the high uncertainty condition
of 30%, the I-DDPG algorithm shows a significant advantage in maintaining the energy storage state of the
thermal storage tank, and its performance improves by 3.64% compared to the DDPG algorithm, indicating
that the I-DDPG has a stronger stability in the extreme uncertainty environment. The indicators in the table
combine the system operating cost with the energy storage state of the storage device, which constitutes the
integrated cost of dispatch. In terms of the integrated cost of dispatch, I-DDPG achieves cost reductions of
2.82%, 3.08%, and 2.52% for the 10%, 20%, and 30% uncertainty scenarios, respectively, and the average cost
reduction over the 30 sets of simulated scenarios is 2.80%.

5 Conclusion
A model for a low-carbon building trigeneration system comprising photovoltaics, electrolytic hydrogen

production, hydrogen storage, fuel cells, heat pumps, and thermal storage was created in this study. To
optimize the system’s scheduling, an improved I-DDPG algorithm based on the DDPG algorithm was
suggested. The primary findings of this study are as follows:

• Given the numerous uncertainties and intricate multi-energy coupling issues that EHHT faces during
actual operation, the MDP model developed in this study can accurately and thoroughly depict the
system’s operational characteristics, offer a useful optimization framework for the ensuing reinforcement
learning algorithm, and establish a strong theoretical basis for achieving EHHT’s efficient management
and optimal scheduling.

• To optimize the DDPG algorithm, a multiple exploration strategy is presented. The experimental
findings show that this improvement measure not only significantly increases the algorithm’s training
convergence value by 22.8% and its training convergence speed by 12.5%, but it also confirms the
suggested improvement measure’s viability and efficacy.

• I-DDPG exhibits notable advantages in the final state regulation of energy storage devices and the
optimization of integrated dispatch cost when compared and analyzed with the original algorithm and
the rule-based algorithm. The suggested algorithm’s robustness in enhancing system economics and
managing uncertainty is fully verified by the 2.82%, 3.08%, and 2.52% cost reduction effects it achieves
under 10%, 20%, and 30% uncertainty scenarios, respectively, and the 2.80% average cost reduction of
the 30 sets of simulated scenarios.
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