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Abstract

Under carbon peaking and neutrality goals, building integrated with photovoltaics and
energy storage system clusters (BIPECs) enable efficient on-site renewable energy use and
can act as dispatch units for the public grid. However, BIPECs face significant uncertainties
and are still under development. This study proposes a decentralized cooperative power
dispatch model coupling a multi-agent proximal policy optimization (MAPPO) algorithm
and offline digital twin (ODT) technology to optimize the photovoltaic (PV) power con-
sumption of clusters despite limited data availability. An integrated BIPEC energy system
model is established, and by leveraging the multi-agent system model of the BIPEC, the
decentralized dispatch problem is converted into a fully cooperative multi-agent reinforce-
ment learning (MARL) problem. A simulation-assisted ODT framework constructs a digital
environment for MAPPO to augment data, conduct MAPPO training, and optimize the
reward function, thereby obtaining power dispatch strategies. The results show that the
proposed optimization model can obtain dispatch strategies that reflect a high degree of col-
laboration, reducing the cumulative power supply from the public grid by 0.55-2.56% per
month compared to the non-cooperative self-generating and self-using strategy. This study
presents the application of MARL in BIPECs by introducing a decentralized collaborative
power dispatch methodology for building clusters, enhancing building energy efficiency
and facilitating flexible collaborative power dispatch.

Keywords: decentralized power dispatch; photovoltaic system; energy storage system;
multi-agent proximal policy optimization; digital twin

1. Introduction

Renewable energy resources (RERs) are green and efficient sources critical to achieving
carbon neutrality [1,2]. RERs can be divided into distributed and centralized types, and
building clusters play important roles in both forms. For distributed RERs, the building
envelope can provide installation space for the generation system, and buildings consume
power near the generation system to alleviate power transmission stress. Building in-
tegrated with photovoltaics (BIPV) is a widely adopted form [3], and an on-site energy
storage system (ESS) can serve as an efficient buffer with a high return on investment to
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balance power generation and consumption in the time domain [4]. Therefore, building
integrated with photovoltaics and energy storage system (BIPE) can enhance the local con-
sumption of distributed RERs. For centralized RERs, such as large-scale photovoltaic (PV)
power generation systems, the output power exhibits high randomness, discontinuity, and
instability. To enhance grid stability, building clusters, which account for approximately
40% of global final energy consumption [5,6], can participate in public power grid dispatch
as demand response units for peak-load shifting. When several BIPEs form a cluster, re-
ferred to as a BIPEC, for cooperative dispatch, the load differences among buildings in the
cluster can be fully utilized to further enhance dispatch flexibility. In summary, the BIPEC
approach is both necessary and feasible for advancing carbon neutrality.

Owing to the large number and complex functions of the components in a BIPEC,
optimal energy dispatch of the BIPEC must be studied. Centralized and decentralized
control models exist for cooperative energy dispatch in integrated energy systems. In a
centralized control model, a control center collects all unit information and determines their
power transactions [7,8], whereas in a decentralized control model, each unit independently
collects limited information that affects it and makes its own decisions. As the BIPEC
approach is in a phase of rapid development, in such a complex and variable scenario, the
decentralized dispatch control model performs better because of its strong flexibility and
robustness [9,10].

Under a decentralized dispatch control model, the BIPEC power dispatch prob-
lem can be transformed into a fully cooperative multi-agent system (MAS) optimization
problem [11]. The MAS-based approach treats each user in the cluster as an independent
decision-making agent that shares information and experiences and learns from other
agents. These agents make decisions independently to achieve individual or overall goals,
such as improving the system operation economy and protecting user privacy [12,13].

Obtaining an optimal decentralized policy is a critical challenge in BIPEC power
dispatch. Multi-agent deep reinforcement learning (MADRL) is a popular data-driven
method that combines a deep reinforcement learning algorithm with MAS models [14].
MADRL can help a system consisting of multiple individuals optimize their decisions while
comprehensively considering the collective interests of the whole system. MADRL has
already been applied in decentralized dispatch in building energy systems [15]; therefore,
introducing MADRL for decentralized cooperative power dispatch in BIPECs is feasible.

Among mature MADRL algorithms, multi-agent proximal policy optimization
(MAPPO) as an on-policy method has gradually been used in various cooperative scenar-
ios [16]. Wang et al. [17] proposed a deep reinforcement learning framework integrating a
fully decentralized MAPPO algorithm with a Cubic Map neural network for drone-human
collaborative data collection tasks in spatial crowdsourcing. Jia et al. [18] proposed a
Lyapunov-based MAPPO algorithm with graph convolutional networks to maximize the
average logarithmic data processing rate in the Internet of Vehicles system. Furthermore,
MAPPO has been preliminarily applied to the management and dispatch of integrated
energy systems. Zhang et al. [19] developed an energy-adaptive monitoring system for a
solar sensor-powered smart animal farm, which integrates the MAPPO algorithm and an
uncertainty maximization technique to resist multiple cyberattacks and enable high-quality
data collection. Guo et al. [20] proposed a MAPPO algorithm incorporating the counter-
factual baseline to optimize handover management and power allocation in a two-tier
heterogeneous network, achieving higher system throughput and lower handover fre-
quency. However, currently, limited studies have applied MADRL to distributed dispatch
problems in integrated energy systems, and the appropriate MADRL method for the power
dispatch problem specific to BIPEC requires further optimization.
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Furthermore, when applied in engineering practice, all MADRL algorithms face the
challenges of an accuracy gap [21,22], time or cost limitations [23,24], and insufficient
security guarantees [25]. In particular, the training model of the MAPPO algorithm must
be further adapted for the BIPEC, which currently lacks operational data and requires
rapid deployment. To provide a reliable environment and sufficient datasets for acquiring,
optimizing, and evaluating the dispatch strategy, digital twin (DT) technology can serve as
a promising solution by mapping the physical space into a digital virtual space [26] and
realizing data augmentation [27] for MAPPO training. Since this study lacks measured
operational data of the BIPEC for real-time calibration, this study implements an offline DT
(ODT) mode, which functions as a simulation-assisted training platform for data generation
and policy optimization, rather than a fully synchronized real-time DT system.

In summary, for building cluster scenarios where each building is equipped with
distributed photovoltaic generation and energy storage capabilities, limited research has
optimized cluster power dispatch from the perspective of building energy consumption.
Based on the above analysis, the main contributions of this paper are as follows.

(1) A decentralized collaborative dispatch model for BIPECs based on MAPPO is es-
tablished to achieve the optimization objective of minimizing the cumulative power
supply from the public grid.

(2) Simulation-assisted ODT technology is introduced to provide a digital training and
experimental environment for MAPPO, enabling the acquisition and optimization
of dispatch strategies. A five-dimensional DT framework is established to support
future integration with real-time operational data during the operational stage.

(3) A bidirectional optimization framework coupling dispatch strategy and ESS scheme
based on ODT-MAPPO is proposed, enabling more comprehensive and effective
BIPEC dispatch design.

The remainder of this paper is organized as follows. Section 2 establishes the power
system model of the BIPEC and its corresponding MAS model, defining the power flow,
communication flow, and constraints and proposing a decision-making process for power
dispatch. Section 3 presents the design of an ODT-MAPPO model, in which the MAPPO
algorithm and five-dimensional DT model for the BIPEC power dispatch problem and
their coupling structure are analyzed. Section 4 presents a case study to demonstrate the
feasibility and effectiveness of the developed approach. Finally, Section 5 summarizes the
main conclusions.

2. BIPEC System Model

In this paper, the overall effect in a BIPEC is considered to be the goal of optimizing
the internal power dispatch. In a BIPEC, each building is equipped with the PV power
generation system and ESS, enabling it to act as a generator, consumer, and buffer for
electricity. To realize the collaborative power dispatch of the BIPEC in a decentralized
manner, the power exchange relationship and power flow within the system must be
clarified. In response to low-carbon goals, economic games between buildings in the same
BIPEC are not considered. This section establishes a BIPEC power system model, the
corresponding MAS and the decentralized power dispatch decision-making process of a
BIPEC based on the MAS.

2.1. BIPEC Power System Model
2.1.1. Composition of BIPEC System

Drawing on the energy models of integrated energy systems from the existing liter-
ature, including microgrids [28-30], integrated community energy systems [31-33], and
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virtual power plants [34-36], the BIPE and BIPEC power system models used in this study
are shown in Figure 1.
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Figure 1. BIPEC system power schematic.

In this study, a rooftop PV system is adopted for BIPE as the distributed PV power
generation system on each building side. This system does not require additional space
and can reduce the impact on the appearance of the building. Moreover, the pitched roof of
the existing building provides an ideal place for the tilt setting of the PV system, helping
the PV modules obtain a longer sunshine duration and capture more solar radiation for
cleaner electricity [37]. Consistent with BIPV systems, PV systems should be built as part
of the roof envelope to reduce carbon emissions during the construction phase [38,39].
Additionally, it should be noted that the current PV model treats the photovoltaic system
primarily as a rooftop power generation source and does not explicitly account for the
architectural integration characteristics of BIPV in a strict sense.

Simultaneously, each BIPE is equipped with an independent ESS. Electrochemical
ESSs, especially lithium-ion batteries (LIBs), possess high energy densities and fast response
speeds and currently constitute a popular research topic. Rapid technological advances
are being made in this area, and these systems serve as mainstream energy storage forms
under the current new power system [40]. Therefore, the adoption of LIBs as the ESS for
each BIPE in this study is reasonable and feasible.

Because the power output of the PV power generation system, the charging and
discharging power of the battery, and the building electricity load are all in the form of direct
current (DC), the power inside the building is DC. The power interaction between buildings
in a BIPEC is realized through a local microgrid, and the current mature application of
local microgrids is still based on alternating current (AC) power grids. Therefore, an AC
microgrid is used in this study, which requires bidirectional DC/AC converters between
each BIPE and the microgrid. Owing to the short distance between buildings and the low
loss rate of AC transmission, the potential power storage and power buffer caused by the
loss and time delay within the local microgrid are neglected. The power interaction between
the BIPEC and public grid is also realized through the local microgrid. The power form
is still AC; however, voltage conversion is required to realize cluster power dispatching
and networking.

According to the control strategy, PV power generated in a building can be used
for its own consumption, stored in its own battery, or delivered to the local microgrid
for further distribution to other buildings or the public grid. The battery can be charged
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by obtaining electricity from the PV power generation of a particular building or from
the other buildings in the cluster. Considering the transmission loss, the battery and PV
power generation systems of each building possess certain shared properties. However,
the sharing process is not unrestricted, but rather also needs to balance the loss of power
transmission and storage.

2.1.2. Power Balance Relationship and Constraints

The power balance of a BIPEC must consider three parts: the power balance inside
the BIPE, power interaction between the buildings in the BIPEC, and interaction between
the BIPEC and public grid. For the power balance inside a BIPE, the balance between the
rooftop PV power generation, building electricity load, battery charging and discharging,
and external interaction power must be established. The power balance inside a building
can be expressed as:

Eci(t) + Efi(t) + Ei(t) = Si(t) @)

where E;(t) is the average charging power of the battery of building i at time step f. If
E.i(t) > O, the battery is charged; otherwise, it is discharged. Ef;(t) is the average net
electric power output from building i to the local microgrid at time t. When E;(t) > 0,
building i outputs power; otherwise, building i requests power from the local microgrid.
E;(t) and S;(t) are the average electrical load power and average PV power generation of
building i at time step ¢, respectively.
The charging and discharging actions of the battery at each time step are subject to the
following constraint.
Eci,min < Eci(t) < Eci,max (2)

Two types of the loss are considered for the battery: self-discharge efficiency 175pc and
round-trip efficiency nrrE. The relationship between #spc, #rTE, state of charge (SOC), and
charge or discharge power at each time step can be defined as:

E.(t
EallDIRTE | 50,1~ 1)psnc ®)

max,i

SOC;(t) =

where V. ; is the maximum capacity of the battery in building i.
The upper and lower limits of the SOC are determined by the depth of discharge (DoD).

SOC; () iy < SOCi(t) < SOC (1) 0 4)

min

SOC;(t),.. — SOCi(t),; = DoD(i) (5)

max min
The power interaction between buildings is based on a local microgrid. When build-
ings are connected to a local microgrid, AC/DC conversion is required, and a power

balance exists in the building power network.
Elfi(t) = UConverter(i)Efi(t) (6)

where E';(t) is the average electrical power received by the local microgrid from building
i at time step ¢.

The power interaction between the building cluster and public grid is also based on
the local microgrid. Without considering the transmission loss and power delay in the
microgrid, the power balance can be expressed as:

iE,fi(t) + E/g(t) =0 (7)
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where 7 is the number of BIPEs in the cluster, and E’¢(t) is the electric power obtained
from the public grid in the microgrid.

Because the microgrid is a low-voltage AC network, whereas the public grid is a
high-voltage AC network, transformers are required to adjust the voltage between the
microgrid and public grid. The power balance between the microgrid and public grid can
be expressed as follows.

Eg(t) = WTransformE,g(t) (8)

where E(t) is the power input from the public grid. When E¢(t) > 0, the public grid
supplies power to the local microgrid and building cluster, and vice versa.

2.1.3. Objective Function

From the perspective of increasing PV power consumption, without adjusting the
building energy load or considering the change in the loss ratio, the objective of cluster-
level collaborative power dispatch is to minimize the cumulative electricity obtained from
the public grid. The positive values of E¢(t) in Equation (8) are summed to obtain the
cumulative power transfer from the public grid over a period of time.

i ) Eg(t), when Eg(t) >0
Ein(t) = { gO, when Eg(f) <0 ©)

minQ = Y~ Eiu(t) (10)
t

Under the above setting, there is no priority for the electricity consumption of all
buildings in a BIPEC, and the influence of economic factors on the method of achieving
optimal PV consumption is not considered. All buildings in a BIPEC are green, friendly
and equal, which matches the development concept of green communities and green parks.

2.2. Fully Cooperative MAS Model for Dispatching

According to the power flow relationship within the cluster, the key to BIPEC power
dispatch optimization is the decision of the battery charging and discharging power at each
time step for each BIPE. Correspondingly, each BIPE must make effective decisions based
on local observations during decentralized dispatch. An MAS for the BIPEC can be built to
learn, acquire, and optimize the dispatch strategies for each BIPE.

The purpose of this study is to explore the optimal dispatch method for maximizing
the overall PV power consumption of an entire cluster. All buildings are cooperative and
have the same status; thus, a fully cooperative MAS model can be established for the BIPEC.
If PV power generation and building energy consumption serve only as data inputs without
control feedback, the dispatch action of each building is concentrated on the ESS. Therefore,
the building power dispatch problem is decomposed into two steps: decentralized control
of the building ESS and building power balance. Buildings serve as carriers that integrate
the various energy systems. The distributed MAS structure shown in Figure 2 can be used
to solve the BIPEC dispatch problem directly.

As shown in Figure 2, each BIPE has an autonomous control center corresponding to
the building control agent (CA), which is responsible for receiving data and making power
control decisions. The PV power generation agent (PVA) in a building is primarily used to
predict the instant power generation of the building and send the data to the CA, whereas
the load agent (LA) in the building is responsible for predicting the electricity load power of
the building and sending the forecast data to the CA. The ESS agent (ESSA) monitors the sta-
tus of the storage device and receives and executes the control commands issued by the CA.
Only limited information is exchanged between buildings through each CA. Additionally,
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a microgrid agent (MA) is introduced to monitor the power flow of the cluster, which does
not have learning or decision-making functions. Each CA feeds back real-time power inter-
action information between the cluster and the grid. In essence, the CA of a BIPE is defined
as an intelligent agent that makes action decisions and interacts with other CAs through the
local microgrid and public power grid. All CAs in the cluster collectively constitute a fully
cooperative MAS.

------ Running status parameters

—— Decision information

G

Figure 2. MAS structure for BIPEC power dispatch.

2.3. Energy Exchange Mechanism

The power generation and storage data in each building are transmitted in real time
to the CA of each BIPE as part of the building properties. When participating in cluster
power dispatch, each building primarily determines its outgoing power by controlling the
storage equipment, which constitutes the interaction among the building, the microgrid,
and the public power grid. In this study, for buildings belonging to the same owner, all
buildings draw and supply power at equal priority, and all buildings can export power
or obtain power from the outside; therefore, it is unnecessary to elaborate on the exact
source or destination of power flows. The objective is to determine whether each building
is exporting or receiving power from the outside at each moment, as well as the specific
value of that power.

As a bridge connecting each building and the public power grid and realizing the
power interactions, the local microgrid can serve as a “power pool” that accepts the
“injection” and “export” of power from each building and the public grid. However,
the microgrid has no storage capacity; therefore, the total net power received at each
moment is zero, meaning the “water level” of the “pool” remains fixed at each moment.
Furthermore, the platform does not consider delay, so “injection” and “export” are carried
out simultaneously.

A local microgrid is used to balance the relationships both among the BIPEs within
the cluster and between the BIPEC and the public grid. For the power dispatch of each
building, only the net power output of the BIPE to the local microgrid needs to be determined
to achieve the power dispatch of the cluster. For a certain BIPE, after determining the net
power output of the building through power dispatch, the internal power balance of the
building can be achieved using LIBs and Equation (1). The dispatch process is illustrated
in Figure 3.
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Figure 3. BIPE decision-making process for power dispatch.

3. ODT-MAPPO Power Dispatch Model for BIPEC

This section proposes a decentralized power dispatch strategy for BIPECs based on the
MAPPO algorithm. Considering the sustainable development of BIPECs, DT technology is
introduced to establish a coupled modeling framework with MAPPO. A five-dimensional
DT framework is first established as the top-level architecture to support the full lifecycle of
BIPEC dispatch, encompassing both offline training and online operation. Since measured
and real-time data of the BIPEC are unavailable, this study implements the DT concept
in an offline mode, which refers to as offline digital twin (ODT). Accordingly, an ODT-
MAPPO model is developed for the training stage, in which the ODT functions primarily
as a simulation-assisted training platform, while the operational stage involving real-time
synchronization is presented as a future development direction.

3.1. Decentralized Power Dispatch Optimization Algorithm Based on MAPPO

To solve the power coordination dispatch problem of the abovementioned clusters, a
cooperative MAPPO online optimization calculation [16] is adopted. The Markov decision
process (MDP) is the foundational problem formulation for reinforcement learning, which
can describe sequential decision-making problems. The dispatch problem can be formu-
lated as an MDP, and the state at the next time step is determined by the action and state
at the previous time step together with the environmental parameters at the current step,
thus satisfying the standard MDP state transition property.
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In the MAPPO algorithm, each BIPE is defined as an agent. Based on the BIPEC system
model in Section 2.1, the factors influencing each BIPE’s decision-making process are ana-
lyzed to define the state space of the algorithm. For a BIPE in a cluster, the factors affecting
its power interaction with the external environment at each time step can be categorized
into internal and partner factors. Internal factors include the PV power generation of the
BIPE which determines its own power supply capacity, the building electricity demand,
and the state of charge of its own energy storage system which determines its own power
transfer capacity as a power buffer. Partner factors capture the status of other buildings in
the cluster through publicly shared information. Additionally, whether the current day is a
working day affects the building load profile and consequently influences peak shaving
and load shifting performance. PV power generation and building electricity consumption
are related to a specific moment in the day.

Therefore, for each agent, the state of agent i at time step ¢ can be expressed as:

st = (S;(t), Ei(t), SOC;(t), holiday(t), t) (11)

where holiday(t) is a binary indicator (1 for holiday, 0 for workday), and ¢ is the time value
in the 24 h system. In this formulation, each agent encapsulates the electricity generation,
consumption, and storage status of its corresponding building.
For each agent, the power dispatch is dynamically regulated by controlling the ESS to
meet the demand. Correspondingly, the action of agent i is defined as:
aé _ Eci(t) (12)

Vmax,i

which represents a continuous action corresponding to the percentage of each building’s
ESS charged or discharged at time step t.

Because dispatch is the result of the cooperation of all buildings in the cluster, all agents
share the same objective and a common reward function. The objective is to minimize
the cumulative power supply from the public grid during dispatch, which corresponds to
maximizing the cumulative reward in MAPPO.

The MAPPO algorithm follows the Actor-Critic principle. During the training phase,
all CAs share their own power states. The critic network can observe the global information
and be updated in a unified manner, while each CA further updates its own actor network
autonomously based on the critic network and its own state. Correspondingly, all CAs
within a BIPEC communicate with each other and collaboratively learn the value network
until stable and effective dispatch strategies are obtained. During the execution phase, each
CA makes action decisions based solely on its own local observation s} and its own actor
network, without requiring any inter-building communication, thereby achieving fully
decentralized dispatch.

MAPPO is a data-driven trial-and-error process, whereas BIPECs, in the process
of rapid and continuous development, often require a reliable dispatch strategy when
insufficient operational data are available. At present, several challenges remain in the
process of obtaining a BIPEC power dispatch strategy through MAPPO training and
deploying it in practice. (a) Limited reliability: Reinforcement learning (RL) training is
highly dependent on the training environment. When a large difference exists between the
training environment and the actual operation of power dispatch, the resulting dispatch
strategy cannot cope with all situations encountered in the operation process. (b) Poor
economic efficiency: The strategy acquisition process imposes requirements on both the
training samples and the training environment, leading to high time and monetary costs.
(c) Insufficient security: In the training process, communication and cooperation between
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CAs and information sharing are required, which leads to information security problems.
Moreover, artificial intelligence technologies, such as RL, can easily raise ethical or moral
issues in decision-making, making it difficult to gain user trust. To address these challenges,
the MAPPO training and power dispatch models must be optimized.

3.2. DT Five-Dimensional Framework for BIPEC

In this study, DT technology is used to build a simulation-assisted training environ-
ment in which MAPPO conducts trial-and-error learning for power dispatch. In this way,
the iterative decision-making process that would otherwise occur in the real physical space
is completed entirely in the digital space. Under this coupled form, MAPPO training does
not rely entirely on real data collected in real time and has low requirements for the sample
size of the actual power system operation data collection; trial and error in the actual
power grid environment are not required, thus effectively reducing the training cost and
improving the economy of strategy acquisition.

Referring to Qi et al. [41,42], combined with the system model of the BIPEC proposed in
Section 2.1, a five-dimensional DT framework for the BIPEC is defined, as shown in Figure 4.
Within this framework, the current study focuses on the ODT implementation, which
is primarily used as a simulation-assisted data generation and policy-training platform
to obtain training data when operational data are unavailable. The five-dimensional
architecture is designed to support future integration with real-time operational data. In
the actual operational stage, this framework can be used to implement online learning
model iteration with updated running data.

Conneet / »\ 77T

! Connect

ptimize My ' .
 Augmentated | Opgtimi
1 Datasets

L onnect Conne
i

i Optimize
L

! Connect

Figure 4. Schematic of BIPE digital twin 5D framework.

The dispatch of the building cluster in this study is based on the decentralized control
mode of the MAS; therefore, the ODT model is constructed for each individual BIPE in
the cluster, and the relevant data pertaining to building power generation, consumption,
and storage are only transmitted among the component systems within the building. To
optimize the power dispatch decision, the ODT model of each BIPE also needs to receive
information about the interaction between the entire building group and power grid at
each moment during the training stage. This information is obtained from the microgrid
MA. Additionally, MySQL is used to store and retrieve the data, enabling offline operation
of the platform system.
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3.3. ODT-MAPPO Model for Optimal Dispatch Strategy

The ODT-MAPPO model, functioning as a simulation-assisted training platform in
the current study, is designed to help the MAPPO algorithm obtain reliable and optimal
dispatch policies for the BIPEC during the training process. Through simulation and data
augmentation, the simulation-based ODT model is used to provide a digital environment
for interaction, training, and verification, enabling the MAPPO algorithm to experience
a wide range of possible operating situations during the training stage. Therefore, this
framework strengthens the economy and reliability of the trained dispatch strategies.

According to the MAPPO framework for decentralized power dispatch defined in
Section 3.1, the digital training environment of MAPPO needs to provide three components:
the training state sample si, the instant state transfer, and the instant training reward
feedback R(t). An ODT-MAPPO training model for the power dispatch strategy training
period is established, as shown in Figure 5. S;(t) and E;(t) in s! are obtained based on the
white-box model implemented in two mature simulation software packages: PVsyst 7.4.8
and EnergyPlus 23.2.0, respectively.

STATE z,

________________________

Agent u

STATE a, :
3 Critic |
STATE a, i Buffer
A

g Combined
REWARD STATE

DT
Meteorological
parameter

Calculate engines

Energy Plus| | Design Builder

Monte Carlo
method

) +
White box
model

Equipment
e A TS
Building enclosure PAGARICIELS

arameters

Figure 5. Structure of ODT-MAPPO coupling optimization model.

An example of data augmentation for building energy consumption data E;() is
provided to illustrate the principle of training sample augmentation for a BIPEC. The
occupancy rate distribution is one of the basic parameters of building energy consumption
simulation calculations. It is the key factor that causes the changes in cold, heat, and
humidity load of indoor air conditioning and further affects the state quantity E;(t). The
distribution of the occupancy rate affects the use of equipment and lighting simultaneously.

The occupancy rate distribution usually follows certain rules, but randomness and
uncertainty remain, which makes the building load different even under the same envi-
ronmental conditions and on the same type of day. The existing indoor occupancy models
include the fixed-schedule method, the random schedule method based on Monte Carlo sim-
ulation, and the time-autocorrelation random process model. However, the fixed-schedule
method cannot provide a variety of occupancy schedules. The time-autocorrelation random
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process model, which uses a Markov chain model as an example, is targeted at specific
events. Since E;(t) corresponds to the electricity load of the entire building, the relevant
events of personnel movement primarily comprise changes in occupancy status and arrival
or departure events. However, most of the events occur randomly within 1 h; the load
calculation time step in this study is 1 h, and the simulation time step is longer than the
random event occurrence interval. Therefore, the time-autocorrelation random process
model is also not applicable. Accordingly, a random schedule method based on Monte
Carlo simulation is chosen to obtain a random occupancy schedule for buildings. Although
this model cannot reflect the time autocorrelation or spatial correlation of personnel distri-
bution in the building, it has no impact on the calculation of the total load of the building in
this study and can ensure the diversity of the schedule. These random occupancy schedules
are input into the white-box model of the building energy consumption to augment the
training data.

Through the augmentation of the sample data, multiple groups of building energy
consumption data for the same period of operation are obtained. When the augmented
data are sufficient, multiple sets of energy consumption data at any time can represent
all possible power consumption values and their distribution at that time. Therefore, 10
groups of state samples in the same month can be randomly selected, with the initial
battery charging state of all BIPEs set to SOC;(t),,;,,-
average objective value in the month can be obtained based on the acquired strategy and

For any group of samples n, the

state transfer law.

5 = Liz1 O
10

where O is the objective parameter, which can be Q.

(13)

Furthermore, the decision module and the monitoring module are designed for the op-
erational stage of the DT framework; their implementation and validation require measured
operational data and real-time data infrastructure.

The decision module is designed to enable each CA to collect real-time state informa-
tion, including PV generation and building load powers through short-term forecasting
models, battery SOC and public information of holidays and time indicators; this module
feeds these inputs into the trained actor network to output the battery charging or discharg-
ing action at each time step. No inter-building communication would be required during
this phase, as each CA operates solely on local observations. The monitoring module is
intended to implement a deviation detection mechanism. Under future online operation,
the DT would predict the expected battery SOC at the next time step and compare it with
the actual measured value. If a significant or progressively increasing deviation is detected,
this indicates battery parameter degradation, and the module issues an update warning,
prompting recalibration of the battery model and retraining of the dispatch strategy.

Through these two modules, the DT framework is intended to establish multi-scale
dynamic interaction with the MAPPO agents in future operational deployment. Compared
with a conventional simulation environment, the proposed DT framework is designed to im-
prove adaptability by establishing a bidirectional connection between the virtual model and
the physical system, which is well recognized in the recent literature. Kabir et al. [43] sur-
veyed DT for IoT-driven energy systems and concluded that DT enable real-time monitoring
and adaptive management. Ugwu et al. [44] demonstrated that Al-driven DT for renewable
energy grids can be continuously optimized through real-time data interaction and closed-
loop feedback mechanisms. These capabilities motivate the five-dimensional DT architec-
ture adopted in this study, of which the current ODT implementation realizes the offline
training component.
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4. Case Study and Data Experiments

A case study of a typical public building cluster in Shanghai is conducted to eval-
uate the proposed decentralized dispatch model through data experiments in three
parts: data augmentation, strategy acquisition, and power dispatch. The objective is
to verify the feasibility of the proposed decentralized dispatch strategy and assess its
operational performance.

4.1. Basic Information

A cluster consisting of a hotel, a mall and an office building in Shanghai, China, is
selected as the case study for decentralized dispatch. Because the accuracy of the prediction
model is not the focus of this study, typical meteorological year data are adopted for the
meteorological parameters in the ODT, and the occupancy schedules follow ASHRAE
90.1. PVsyst and EnergyPlus are used to simulate PV generation and building energy
consumption, respectively. The dispatch duration is one month, using January (744 h) as an
example, and the time step is set to 1 h. The maximum electrical storage capacities of the
office building, hotel and mall are 520, 520, and 1200 kWh, respectively. For the rooftop PV
systems of each building, based on available rooftop area and the typical meteorological
year data for Shanghai, the PV modules are set at a fixed tilt angle of 30°, and the PV
system capacities of the office building, hotel, and mall are 162, 108, and 1673 kWp,
respectively. The upper and lower limits of the SOC are set to 100% and 0%, respectively.
95%, if E.i(t) >0
a7, if Ei(t) <07
e (i) = {97%, if Eqi(t) >0 98.5%, if Eg(t) >0

onverter o 1 Efi() <0 ggsr, if Eg(t) <0
The actor and critic networks are constructed as fully connected neural networks. The

Since the ESS adopts LIBs, this study sets 7spc = 99.99%, r7e(i) = {
and NTransform = {

learning rateis 5 x 104, and the reward discount factor is 0.99. The simulations are performed
in Python 3.10.0 on a computer equipped with an Intel Core i5 CPU and 16 GB RAM.

4.2. Results and Discussion
4.2.1. Data Augmentation Results and Analysis

To augment the building energy load data, the randomness of occupancy rate and
corresponding lighting and equipment use are considered. According to Macdonald
etal. [45], the random variation range of the occupancy schedule is usually £50%, following
a normal distribution. The randomness is characterized by a jitter parameter ¢, and the
occupancy rate at each time step can be expressed as:

Toce = GToce, typical (14)

where 7,cc typical 1 the occupancy rate corresponding to a typical schedule at each time step.
Lighting and equipment use rates vary synchronously with occupancy rate through the
same jitter parameter .

When ¢ > 0, o¢c > 1 may occur, which corresponds to the real-time occupancy density
being higher than the rated density. Occupancy can temporarily exhibit this phenomenon,
but the lighting and equipment power cannot exceed their rated value; therefore, upper
limits of the lighting and equipment use rate must be set. The corresponding use rates at
each time step are:

Tlight = grlight,typicul/ when grlight,typicul <1 15)
1, when Ctijgnt typicat > 1
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Tep = {Z;T’ep,typical, when érgp/typiml <1 (16)

1, when {7ep typicar > 1

Based on the typical schedules and jitter settings, numerous augmented schedules for
occupancy, lighting, and equipment are generated. According to the principle of the Monte
Carlo method, a large amount of generated data must be utilized to reflect the random
distribution; therefore, Eppy 0.5.66 must be employed to batch-modify the white-box model
established by EnergyPlus and generate building energy consumption results.

Using the above method, 10,000 groups of the occupancy rate, lighting use rate,
and equipment use rate schedules for each building are input into EnergyPlus, yielding
10,000 groups of hourly building power data for an entire year. Figure 6 shows the hourly
electricity consumption data for the three buildings after data augmentation on a certain

working day.
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Figure 6. The hourly electricity consumption data for the three buildings after data augmentation

on a certain working day: (a) Augmented office building hourly load power; (b) Augmented hotel
hourly load power; (c¢) Augmented mall hourly load power.

After augmentation, the data distribution is more dispersed during the peak energy
consumption period, mainly due to an increase in the number of indoor occupants. Most
of the augmented data are concentrated within a range of 5-8% relative deviation from
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the typical power consumption data; therefore, data augmentation must be introduced to
energy use scenarios to make the training dataset as complete as possible.

4.2.2. MAPPO Training and Reward Setting Experiment Results

Using the augmented dataset combined with the ODT-MAPPO model illustrated in
Figure 5, MAPPO training for decentralized power dispatch is implemented in Python.
The time step for the power dispatch in this study is 1 h. Because the climate condi-
tions of the same month in each year are similar and the monthly climate variations over
a year follow certain rules, each training episode corresponds to one month, yielding
12 dispatch strategies for 12 months of the year. In practical operation, strategies can be
selected according to a certain month.

The MAPPO algorithm is implemented using PyTorch 2.2.0. Each BIPE serves as an
agent, and the parameters of the neural networks are consistent across the three agents.
Both actor and critic networks consist of two layers, and the number of neurons in each
layer is 64. Rectified linear unit functions are used as activation functions in both hidden
layers, and the cumulative reward discount factor is set to 7y = 0.99.

To help BIPEs stably obtain the maximum cumulative reward and thereby converge
to the optimal dispatch strategy, experiments must be conducted on the digital platform
provided by the ODT to determine appropriate learning rate and reward function set-
tings. Taking January, which falls within the heating season, as an example, experiments
are conducted to enhance the local monthly PV power consumption and optimize the
grid response.

In an experiment to improve local PV power consumption, if the reward function
is directly set as a single-value function of the objective function, a misleading result
will be obtained. This result indicates that wasting more surplus PV power leads to a
greater immediate reward. To address this issue, the reward function is reformulated by
comprehensively considering power generation and electricity consumption as follows:

R(t) = —Ki ) (Efi(t) — Ka(S,(H) —Ei(t))) (17)
where K; and K; are positive hyperparameters.

The MAPPO training results based directly on the objective function and the reward
function formulated in Equation (17) are compared, as shown in Figure 7.
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Figure 7. Results of MAPPO training process under different reward function settings.
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Figure 7 demonstrates that when the objective function is directly used as the reward
function, the training fails to reduce the cumulative power consumption from the public
grid; the power consumption remains at approximately 384.2 MWh with no downward
trend after more than 2000 training episodes. In contrast, the reward function formulated
in Equation (17) steadily reduces the cumulative power consumption during training.
Therefore, for an energy dispatch problem with long time steps and a complex energy
structure, the reward function must be set by comprehensively considering generation
and consumption to stimulate the cluster to reduce the cumulative grid supply electricity.
Moreover, the current reward function does not include a penalty for battery cycling
degradation. This is because the lithium-ion batteries adopted in this study have a high
cycle life, and the 1 h dispatch time step inherently limits the switching frequency. To
reduce model complexity, this study does not consider this factor.

Referencing the hyperparameter configurations in Yu et al. [16], the key training pa-
rameters are initially set and further fine-tuned on the ODT platform. Through the digital
experiment, the total number of training steps is set to 10°, and K; = 0.03, K, = 1, learning rate
Ir =5 x 10~* and update coefficient ¢ = 0.01 are determined. The training results for January
are presented in Figure 8, with the reward rising steadily and the cumulative power supply
from the public grid in each episode declining steadily. The trends correspond to each other
and both reach convergence after approximately 2500 episodes.
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Figure 8. MAPPO power dispatch training return (cumulative reward within an episode) and
cumulative power supply from the public grid in January.

The MAPPO training for one month’s dispatch strategy requires approximately 48 h.
For inference, generating the complete dispatch actions for one month takes approximately
4 min, corresponding to roughly 0.3 s per time step, which confirms the real-time feasibility
of the proposed approach.

4.2.3. Comparison of the Dispatch Results Obtained Using Different Control Strategies

To evaluate the dispatch performance of the converged strategy, 10 validation datasets
from January are tested based on the ODT. Two common priority strategies (cooperative
and non-cooperative self-generating and self-using strategies) are developed, and a typ-
ical MAPPO strategy based on typical building energy consumption data without data
augmentation is compared as a control group for ODT-MAPPO.

In the self-generating and self-using (SGSU) strategy, the PV generation of each build-
ing flows first to the load, then to the battery, and finally to the microgrid; correspondingly,
the electricity load is met first by PV generation, then by the battery, and finally by the
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microgrid. The difference between the cooperative SGSU (co-SGSU) strategy and the non-
cooperative SGSU (noco-SGSU) strategy is whether the surplus PV power of each building
can be shared with other buildings in the cluster before flowing into the public grid.

The hourly SOC operation results of the ODT-MAPPO and co-SGSU strategies for four
consecutive days in January are shown in Figure 9, where the first two days are holidays
and the last two days are working days.
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Figure 9. The hourly SOC operation results under different strategies for four consecutive days: (a) Hourly
SOC running results of ODT-MAPPO strategy; (b) Hourly SOC running results of co-SGSU strategy.

Under the ODT-MAPPO strategy, each building decides actions according to its own
state, such as power generation, electrical load, and energy storage, while accounting for
its impact on the overall cluster performance at each time step. Therefore, a high degree of
cooperation exists among the buildings in the cluster. Although the co-SGSU prioritizes
each building’s own needs, during the first two holidays, the PV power generation of
office buildings is much higher than the electricity consumption. After the battery is fully
charged, the surplus electricity is shared. Owing to the battery self-discharge loss, the
SOC of the battery still declines when it does not supply power to the building. Under
this strategy, cooperation between buildings is limited; however, the cooperative nature of
resource sharing remains.

The dispatch results for improving the local PV power consumption from the ODT-
MAPPO, typical MAPPO, and two common priority strategies are listed in Table 1, with the
noco-SGSU strategy used as the benchmark. Compared with the noco-SGSU strategy, the three
cooperative strategies can effectively reduce the cumulative power supply from the public grid,
indicating that cooperation between buildings significantly improves dispatch optimization
in the problem of cluster power dispatch. Specifically, the ODT-MAPPO strategy achieves
the lowest grid replenishment and the highest local PV power consumption among the four
strategies, with a monthly PV power consumption increase of 5870.8 kWh.

Table 1. Dispatch results.

. Grid Replenishment Local PV Po.wer PV Power Consumption
Policy (KWh) Consumption Increase (%)
(kWh)
ODT-MAPPO -4960.2 +5870.8 +1.78
Typical MAPPO —2415.6 +3364.4 +0.87
Co-SGSU -2306.2 +2271.6 +0.83
Noco-SGSU 365,989.0 196,455.7 -
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In this study, the randomness of building electricity load caused by occupancy is
taken as an example to augment the samples for MAPPO training. A comparison of the
dispatch verification results between ODT-MAPPO and typical MAPPO in January shows
that the PV power consumption increase rate of ODT-MAPPO is almost twice that of typical
MAPPO, indicating that the randomness of occupancy cannot be ignored when obtaining
the decentralized dispatch strategy based on the MAPPO power dispatch model. These
results suggest that the ODT-MAPPO model can effectively obtain dispatch policies under
the specific conditions examined in this study.

Similarly, using the noco-SGSU strategy as a comparison benchmark, the relative
reduction rate of cumulative grid replenishment under ODT-MAPPO for each month can
be obtained, as listed in Table 2. These results show that the ODT-MAPPO strategy can
reduce the monthly grid replenishment of the cluster by 0.55-2.56% throughout the year,
with an average increase in PV consumption of 7.28 MWh, demonstrating the effectiveness
of the year-round dispatch. In practical operation, each BIPE can select the corresponding
ODT-MAPPO policy for a specific month.

Table 2. Monthly ODT-MAPPO dispatch optimization grid replenishment results.

Month January  February March April May June
Reduction rate/% 1.36 1.98 191 2.09 1.39 0.55

Month July August September October  November December
Reduction rate/% 1.41 0.61 0.83 1.49 1.16 2.56

As shown in Table 2, the reduction rate in June is notably lower than in other months,
while December achieves the highest. Combined with the PV generation and building
electricity consumption data, this difference is primarily attributable to the variation in PV
surplus available for cooperative scheduling. In June, building electricity consumption
rises significantly due to cooling loads, while PV generation decreases under unfavorable
weather conditions, resulting in a reduced PV surplus that limits the capacity for inter-
building power coordination. In contrast, December features lower building electricity
demand with relatively stable PV output, yielding a larger PV surplus that provides greater
flexibility for collaborative dispatch optimization.

To further illustrate the practical significance of the improvement, the benefits of
the ODT-MAPPO strategy are quantified using January as an example. In January, the
ODT-MAPPO strategy reduces the cumulative grid replenishment by 4960.2 kWh compared
with the non-cooperative SGSU strategy. In terms of carbon emissions, using the 2022
Shanghai electricity carbon emission factor of 0.5849 kgCO,/kWh, the monthly carbon
reduction is approximately 2901.2 kgCO,. Given that the monthly reduction rate ranges
from 0.55% to 2.56% throughout the year, the annual cumulative benefits in energy savings
and carbon emission mitigation would be considerably more substantial.

4.2.4. Reverse Design of ESS Based on ODT-MAPPO Strategy

When the construction cost is fixed, the rated capacity and rated power of the building
ESS should be considered comprehensively according to the dispatch strategy. After the
BIPEC-oriented decentralized dispatch strategy is obtained based on the ODT-MAPPO
model, the ESS in each BIPE is reversely optimized according to this strategy. Taking the
dispatch strategy corresponding to the objective function in Equation (10) as an example,
the rated capacity and rated power of the ESS in each BIPE are optimized considering the
construction cost. The construction cost C is typically defined as follows:

C = CpP + CeVinax (18)
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where C, and C, correspond to the unit charge and discharge power cost and the unit
capacity cost of the energy storage, respectively.

Comprehensively considering the power generation and electricity consumption of
the three buildings selected in the case study, two schemes with a relative difference of less
than 0.1% in construction costs are selected for each building, as shown in Table 3.

Table 3. ESS scheme parameters.

Building P (kW) Viax @Wh)  C (x10* CNY) No.
. 260 520 1331.2 1
Office, hotel 250 505 1330 5
Mall 150 1200 2568 3
a 500 1000 2560 4

Two ESS schemes are designed for each of the three buildings, forming eight combined
cluster schemes. For each scheme combination, the ODT-MAPPO policy is retrained
independently following the same training procedure, with the ESS parameters updated
accordingly in the simulation-based training environment. The dispatch strategy of the
cluster in January is obtained based on the ODT-MAPPO model, and the dispatch effect is
verified. The dispatch results are listed in Table 4.

Table 4. Dispatch results of different ESS schemes.

Scheme No.

Grid Replenishment Absolute Difference

Office Hotel Mall (kWh) (kWh)

1 1 3 361,028.8 -

1 1 4 362,345.8 +1317

1 2 3 360,466.1 —562.7

1 2 4 361,928.1 +899.3

2 1 3 361,152.4 +123.6

2 1 4 360,852.8 —176.0

2 2 3 360,526.9 —501.9

2 2 4 362,212.8 +1184

Taking the scheme selected in this case study as the benchmark, scheme No. 123 mini-
mizes the cumulative grid replenishment for the building cluster in January. Accordingly,
the energy storage scheme can be preliminarily optimized as follows: the rated energy
storage capacities of the office, hotel and mall are 520, 525, and 1200 kWh, respectively, and
the corresponding values of rated electric power are 260, 250, and 150 kW.

The optimization of the ESS configurations, combined with the ODT-MAPPO model,
enables the building cluster to achieve a more comprehensive BIPEC dispatch design that
jointly addresses both hardware configurations and dispatch strategies.

5. Conclusions

This study proposes a decentralized collaborative dispatch model for BIPECs based
on the coupled ODT-MAPPO model, with the objective of minimizing the cumulative
power supply from the public grid. The BIPEC system model is analyzed, the power and
communication flows of the system are determined, the BIPEC-oriented MAS and MAPPO-
based dispatch models are defined, and simulation-assisted ODT technology is introduced
for data augmentation to address the problem of insufficient operational data in BIPECs.
A case study of a typical public building cluster in Shanghai is conducted, comparing the
ODT-MAPPO strategy with noco-SGSU, co-SGSU and typical MAPPO strategies. The main
conclusions are as follows:
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(1) The MAPPO algorithm achieves effective training of each CA and converges steadily
to the optimal dispatch strategy through optimized action and reward function design.
Digital experiments verify that the reward function, which comprehensively accounts
for both power generation and electricity consumption, enables the cumulative reward
and power supply from the public grid to converge after approximately 2500 episodes.

(2) The dispatch strategy derived from the ODT-MAPPO model demonstrates coordi-
nated dispatch behavior and practical feasibility in the tested BIPEC scenario. Com-
pared with the non-cooperative self-generating and self-using strategy, the ODT-
MAPPO strategy reduces the monthly grid replenishment by 0.55-2.56% throughout
the year.

(3) The simulation-assisted ODT technology enhances the training reliability of MAPPO
in BIPEC scenarios that lack operational data, ensuring that each CA obtains more
effective dispatch strategies. Compared with the typical MAPPO strategy based
on typical energy consumption data, the ODT-MAPPO strategy can further reduce
the cumulative power supply from the public grid by 2544.58 kWh in January, and
achieves a PV power consumption increase rate approximately twice that of the typical
MAPPO strategy.

(4) The ODT-MAPPO model supports the co-optimization of ESS scheme and dispatch
strategy, enabling more comprehensive and effective optimization of dispatch design
for BIPECs. Among all evaluated schemes, scheme No. 123 minimizes the cluster’s
grid replenishment while considering the construction cost. The preliminarily op-
timized rated ESS capacities for the office, hotel, and mall are 520 kWh, 525 kWh,
and 1200 kWh, respectively, with corresponding rated ESS power of 260 kW, 250 kW,
and 150 kW.

As foundational research on decentralized flexible power dispatch strategy for build-
ing clusters, this study has several limitations. (1) The current framework addresses only
single-objective minimization; future work will extend it to multi-objective optimization
incorporating economic factors, drawing on hybrid surrogate modeling [46] and ANN inte-
grated optimization methodologies [47]. (2) The fully cooperative MAS structure does not
account for mixed cooperation—competition scenarios among buildings with heterogeneous
ownership and economic interests. (3) The current ODT framework operates offline with
simulated data and does not incorporate advanced occupant behavior models or validation
under more challenging conditions; future work will calibrate models using measured
building performance data. (4) The comparison baselines are limited to rule-based and
standard MAPPO strategies; benchmarking against stronger optimization approaches
would better clarify the improvement. (5) The 1 h dispatch time step may smooth out
short-term PV fluctuations and fast battery dynamics; finer temporal resolutions could
reveal additional optimization opportunities at the cost of increased computational burden.
(6) The annual carbon emission reduction and economic benefits have not been comprehen-
sively assessed at the annual scale; future work should further evaluate the comprehensive
benefits of the proposed dispatch strategy.
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Abbreviations

The following abbreviations are used in this manuscript:

AC Alternating current

BIPE Building integrated with photovoltaics and energy storage system
BIPEC Building integrated with photovoltaics and energy storage system cluster
BIPV Building integrated with photovoltaics

CA Control agent

DC Direct current

DoD Depth of discharge

DT Digital twin

ODT Offline digital twin

ESS Energy storage system

ESSA Energy storage system agent

LA Load agent

LIB Lithium-ion battery

MA Microgrid agent

MADRL Multi-agent deep reinforcement learning
MAPPO  Multi-agent proximal policy optimization

MAS Multi-agent system

MDP Markov decision process

PV Photovoltaic

PVA Photovoltaic power generation agent
RERs Renewable energy resources

RL Reinforcement learning

SGSU Self-generating and self-using
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