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ABSTRACT: This study proposes an integrated energy system that combines photovoltaic power, wind 
power, battery storage, and ice storage to meet the electricity and cooling demands of buildings. The model 
for the ice storage tank incorporates the nonlinear ice-melting characteristics. An improved Multi-Objective 
Proximal Policy Optimization algorithm is employed for multi-objective optimization. In a case study of 
an office building in Shanghai, the optimization results demonstrate that the proposed method reduces daily 
operating costs by 6.52% and improves the CO2 emission reduction rate by 9.54%. The results demonstrate 
that the synergistic operation of electrical and ice storage effectively maintains supply-demand balance 
across different seasons. Sensitivity analysis further reveals that a 40% reduction in the unit cost of ice 
storage leads to a 5.7% decrease in battery capacity and a significant drop in grid dependency from 28.9% 
to 15.3%, highlighting the critical role of reducing ice storage costs in improving the system’s economic 
viability and renewable energy integration capability. 
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1. Introduction 

Buildings account for over one-third of global energy consumption [1], significantly contributing to 
carbon emissions. To achieve carbon neutrality, transitioning building energy systems into distributed 
energy systems (DESs) has become a critical pathway. By integrating renewable energy (RE) generation 
and energy storage systems (ESSs), DESs can enhance energy efficiency and improve energy supply 
independence [2]. However, the intermittency of RE generation, dynamic load fluctuations [3], and 
thermoelectric coupling effects [4] pose substantial challenges in the optimal design of DESs [5]. 

The power generation characteristics of RE sources such as photovoltaic (PV) and wind power are 
highly dependent on weather conditions [6], exhibiting inherent intermittency and volatility. PV output 
follows diurnal periodic patterns driven by solar irradiance but is subject to random variations caused by 
cloud cover. Wind power displays more pronounced stochastic variability due to spatiotemporal variations 
in wind speed. To predict the renewable energy generation, current research has primarily focused on two 
approaches: mathematical modeling and data-driven forecasting. Zhu et al. [7] applied a mathematical 
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model that linked PV output to solar irradiance and temperature, and correlated wind power with wind 
speed. By integrating equipment parameters and meteorological data, the model captures the dynamic 
behavior of RE generation. Hua et al. [8] employed stochastic modeling, characterizing wind speed 
variations using a Weibull distribution and solar irradiance fluctuations via a Beta distribution. Their 
probabilistic framework quantifies RE volatility through probability density functions (PDFs), assessing its 
impact on power system stability. With the widespread adoption of smart sensors, machine learning models 
have proven effective for PV generation forecasting [9] and short-term load profile prediction [10]. While 
early studies relied on conventional models such as autoregressive integrated moving average (ARIMA) 
and support vector machines (SVMs), recent advances in deep learning have demonstrated the superior 
temporal modeling capabilities of Long Short-Term Memory (LSTM) networks for RE prediction [11]. 
Wang et al. [12] developed an LSTM-based approach for PV forecasting that integrates ensemble empirical 
mode decomposition (EEMD) for data preprocessing and Bayesian optimization for hyperparameter tuning. 
Experimental results demonstrate the model’s superior performance, achieving a root mean square error 
(RMSE) of 4.157 for 7-day-ahead forecasting, with a 15% improvement in accuracy over conventional 
methods. Chen et al. [13] developed an LSTM-based approach for wind power forecasting, which combines 
numerical weather prediction data with turbine monitoring measurements. The proposed LSTM model 
framework effectively captures temporal characteristics across multiple turbines, outperforming tradition 
prediction models in distributed wind farm applications. 

The dynamic RE generation and fluctuating building loads often lead to supply-demand imbalance 
[14]. A notable example is the midday solar overgeneration contrasted with evening supply shortages, when 
PV output declines sharply, and wind generation may simultaneously drop to low levels [15]. To address 
the temporal mismatch between RE generation and energy demand, ESSs are essential for maintaining grid 
stability. Battery storage serves as the primary solution for storing surplus renewable electricity, which can 
then be discharged during periods of insufficient generation. For cooling-dominated buildings, ice thermal 
energy storage (ITES) systems offer distinct advantages by enabling the temporal shifting of cooling loads 
to periods of RE surplus, thereby enhancing renewable penetration [16]. This hybrid system, constructed 
on the principle of “renewable energy coupled with energy storage”, not only achieves significant peak 
shaving and valley filling effects but also enhances the grid’s absorption capacity for renewable energy 
through multi-energy complementarity [17]. Studies have revealed the significant benefits of such integrated 
systems. Saffari et al. [18] demonstrated that combining ITES with RE could result in a 30% annual cost 
savings. In a case study in Qatar [19,20], the combination of RE and ESS substantially reduced carbon 
emissions and gas dependency of the power system. Odufuwa et al. [21] developed a PV-integrated ice-
thermal storage system. Its effectiveness was proved through optimization, resulting in approximately 33% 
annual energy cost savings. Christoph Luerssen et al. [22] assessed the net present value (NPV) of various 
PV-powered cooling system configurations. The results showed that the combination of RE with batteries 
and thermal storage significantly reduced fuel costs while achieving competitive economics. Similarly, 
Arévalo et al. [23] conducted a techno-economic evaluation of hybrid renewable systems combining 
photovoltaic, wind, hydrokinetic, and diesel sources, demonstrating that energy management strategies under 
site-specific conditions significantly affect system cost, emissions, and renewable penetration. 

While hybrid energy systems integrate multiple devices to ensure energy supply, the design 
optimization of these systems is paramount for enhancing their efficiency, reliability, and economic 
viability. Conventional approaches typically determine equipment capacity based on peak load demands, 
resulting in system overcapacity and resource wastage [24]. To bridge the gap, advanced meta-heuristic 
algorithms have been widely adopted, including Particle Swarm Optimization (PSO) [25], Genetic 
Algorithms (GA) [26], Ant Colony Optimization (ACO) [27], and Evolutionary Mating Algorithm (EMA) 
[28]. Despite their effectiveness under specific conditions, metaheuristic algorithms exhibit notable 
limitations. One major drawback lies in their sensitivity to parameter settings. For instance, the performance 



Smart Energy Syst. Res. 2026, 2(3), 10009. doi:10.70322/sesr.2026.10009 3 of 33 

 

of PSO largely depends on the selection of inertia weights and learning factors, while the effectiveness of 
GA is strongly influenced by crossover and mutation rates. Improper parameter configurations can lead to 
slow convergence or even failure to converge, rendering these algorithms ineffective in handling dynamic 
models under complex environments [29]. 

Deep Reinforcement Learning (DRL) has emerged as a powerful approach for addressing the 
aforementioned challenges, as it is capable of executing autonomous decisions in complex environments 
[30]. DRL agents learn optimal control policies through continuous interaction with the environment [31]. 
This capability makes them particularly suitable for handling uncertainties in hybrid energy systems that 
integrate multiple sources for energy supply. 

Among various DRL algorithms, Proximal Policy Optimization (PPO) has demonstrated superior 
stability and sample efficiency. It has been successfully tested in energy management [32]. In the context 
of low-carbon park energy dispatch, Ning et al. [33] developed a PPO-Mix Clip algorithm, with 
experimental results demonstrating a 3.52% reduction in daily operational costs. For the coordinated 
optimization of electric vehicles and smart homes, the HEN-PPO approach achieved energy savings ranging 
from 24% to 29% [34]. Le et al. [35] proposed the DAL-PPO method, which innovatively integrates energy 
efficiency optimization, indoor comfort maintenance, and system robustness enhancement into a unified 
reward function, with experimental findings indicating substantial performance improvements within the 
single-objective optimization framework. 

Regarding multi-objective optimization, Ge et al. [36] proposed a multi-objective DRL (MODRL) 
method for scheduling of wind-solar-hydro-battery complementary system. Compared to NSGA-II, the 
solutions provided by the MODRL approach were closer to the true Pareto front (PF). However, significant 
research gaps persist in MODRL applications for building energy system design. Although conventional 
optimization methods can achieve multi-objective optimization in building energy systems, these 
approaches often rely on precise mathematical models and struggle to adapt to highly dynamic building 
energy environments. Deep reinforcement learning (DRL), with its capability to handle high-dimensional 
state spaces and learn complex nonlinear policies, is particularly suitable for addressing decision-making 
problems in multi-objective optimization of building energy systems. The development of building-
oriented multi-objective DRL frameworks enables autonomous perception of environmental states and 
learning of optimal control strategies, effectively coordinating the trade-offs among economic viability, 
environmental sustainability, and energy efficiency. Such frameworks can effectively resolve inherent 
conflicting mechanisms among objectives and explore Pareto-optimal solution sets, thereby enabling 
holistic system-wide optimal design. 

This study proposes an innovative design strategy for integrated energy systems with high renewable 
energy penetration by introducing an adaptive reward mechanism to dynamically balance multi-objective 
optimization. The main contributions are as follows: (1) A novel integrated energy system (IES) 
architecture is developed, incorporating PV and wind power generation units, a battery, and ITES devices 
with nonlinear ice-melting characteristics. A time series prediction model based on a LSTM neural network 
is established for renewable power generation forecasting. (2) The system incorporates an advanced ice 
thermal energy storage model that accounts for nonlinear ice-melting characteristics, accurately capturing 
the phase-change heat transfer process of ITES devices. (3) An improved Multi-Objective Proximal Policy 
Optimization (MOPPO) algorithm is proposed, employing life cycle cost (LCC), carbon dioxide emission 
reduction rate (CDERR), and renewable energy utilization (RU) as objective functions to optimize system 
capacity allocation. This algorithm searches for Pareto optimal solutions through policy gradient methods. 

2. Methodology 

This study proposes a hybrid methodology that integrates mathematical modeling and data-driven 
prediction to construct IES models, using an improved multi-objective reinforcement learning approach to 
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achieve multi-objective collaborative optimization. The research is structured around the following key 
areas: (1) Development of an IES: integrating LSTM neural network-based prediction models with physics-
based mathematical models for system construction. (2) Optimal design of the IES: from a multi-objective 
perspective, prioritizing three primary objectives—economic efficiency, environmental impact, and energy 
sustainability, while accounting for the system’s operational constraints. (3) Solution methodology for the 
IES: The optimal design problem is formulated as a Markov Decision Process (MDP) through the definition 
of the state space, action space, and reward function, with optimal design solutions obtained through an 
improved reinforcement learning-based policy iteration optimization algorithm. 

2.1. System Description 

The overall system architecture and energy flow are illustrated in Figure 1. It presents an IES that 
incorporates PV, WT generation, ITES, battery storage, two types of dual-duty chillers with different rated 
cooling capacities, water pumps, and the power grid. The dual-duty chillers operate in a “daytime cooling and 
nighttime ice-making” mode, providing cooling services for buildings during the day and producing ice for 
thermal storage during periods of low nighttime electricity demand, thereby shifting energy consumption. 

 

Figure 1. Energy flow in IES. 

The operational logic is detailed in Figures 2 and 3. Solar energy and wind energy are converted into 
electricity by PV and wind turbines, which primarily supplies building electric loads. Excess electricity 
either charges the battery or powers the dual-duty chillers to generate cooling energy. When RE generation 
exceeds the total demand of electric loads and battery storage capacity, surplus electricity is fed back into 
the grid. If the RE output is insufficient, the battery is discharged first to compensate for the shortfall. In 
cases where battery storage capacity is inadequate, electricity is purchased from the grid. 

During the cooling season (April to October), the ITES operates in ice charging mode at night when 
the electricity price is low. The dual-duty chillers convert electrical energy into stored cooling energy. 
During the daytime, when the electricity price is high, it switches to ice discharging mode, prioritizing the 
release of stored cooling energy to meet cooling loads. If the ice storage capacity is insufficient to cover 
cooling demand, the system automatically activates the chillers to provide supplementary cooling. Notably, 
when RE generation exceeds instantaneous electric load requirements, the system prioritizes utilizing 
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excess RE electricity to power the chillers for real-time cooling load. This mechanism reduces cooling costs 
during high-price periods while enhancing RE utilization efficiency. 

Water pumps, as core components of the refrigerant circulation system, ensure efficient cooling energy 
transfer among chillers, ITES, and cooling loads. The power grid is a backup energy source, which ensures 
operational reliability in the system. 

 

Figure 2. Operational logic diagram. 

 

Figure 3. Cooling circuit operational logic diagram. 

2.2. Modeling of IES Devices 

This section aims to simulate energy flow dynamics within IES. The modeling comprises: output 
prediction modeling using LSTM for PV and wind turbines, and the establishment of physics-based 
mathematical models for equipment, such as chillers, ESSs, with particular attention to the modeling of ice 
storage devices incorporating nonlinear melting rate curves. 
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2.2.1. LSTM-Based Renewable Energy Prediction 

As a specialized recurrent neural network architecture, the Long Short-Term Memory (LSTM) [37] 
network is employed in this study for RE generation forecasting due to its exceptional capability in 
modeling temporal dependencies and processing nonlinear sequential data. A simplified schematic diagram 
of the LSTM architecture is provided in Figure 4 to illustrate its operational principles. Compared to 
conventional Recurrent Neural Networks (RNNs), LSTM overcomes the vanishing gradient problem via 
its gating mechanisms [38], effectively capturing long-term dependencies in historical meteorological data 
and RE generation records. This advantage is particularly critical for RE forecasting tasks, as RE output 
exhibits pronounced diurnal and seasonal fluctuations influenced by meteorological factors such as solar 
irradiance, humidity, and wind speed [12]. 

 

Figure 4. The structure of LSTM cell. 

The LSTM unit’s core architecture consists of a cell state and three gating mechanisms (forget gate, 
input gate, output gate). Each unit processes three input parameters: the previous cell state Ct−1, current 
input xt, and hidden state ht−1. 

The cell state serves as the primary information pathway, enabling direct temporal information 
propagation. The three gating mechanisms, implemented via sigmoid activation functions (yielding outputs 
between 0 and 1) and dot product operations, collectively regulate information flow by controlling the 
elimination of irrelevant information, the incorporation of relevant information, and the generation of the 
current output. 

In this study, the LSTM model is designed to map historical time-series data to future power generation 
forecasts. Detailed descriptions of input data sources and prediction results are systematically addressed in 
the Case study section. 

2.2.2. Cooling System Modelling 

Chillers serve as the core refrigeration equipment in central cooling systems. Their energy consumption 
is strongly correlated with cooling capacity, operational efficiency, and part load ratio (PLR). The rated 
parameters of the dual-duty chiller model adopted in this study are listed in Table 1. 
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Table 1. Chiller rated parameters. 

No. Power (kW) COP Cooling Capacity (kW) 
1 245 6.14 1502 
2 664 5.82 3868 
3 664 5.82 3868 

The chiller model is developed using a multivariate gray-box modeling approach [33]. This model 
achieves high prediction accuracy for key operational parameters, including evaporating temperature, 
condensing temperature, and coefficient of performance (COP). 

COP ൌ
𝑟

൬
𝑡௖ ൅ 273.15
𝑡௘ ൅ 273.15 െ 1൰ 𝑟 ൅ 𝑎ଵ

𝑡௖ ൅ 273.15
𝑡௘ ൅ 273.15 െ 𝑎ଶ

 
(1)

𝑟 ൌ
𝑄௘
𝑄

 (2)

𝑡௘ ൌ 𝑡௪,௘,ா െ
𝑄௘

𝐹௘ሺ𝐺௪,௘ሻ
 (3)

𝑡௖ ൌ 𝑡௪,௖,ா ൅
𝑄௖

𝐹௖ሺ𝐺௪,௖ሻ
 (4)

𝑃௖௛௜௟௟௘௥ ൌ
𝑄௘
𝐶𝑂𝑃

 (5)

𝐹௖൫𝐺௪,௖൯ ൌ 𝑎ଷ ∙ 𝐺௪,௖
ଶ ൅ 𝑎ସ ∙ 𝐺௪,௖ ൅ 𝑎ହ (6)

𝐹௘൫𝐺௪,௘൯ ൌ 𝑎଺ ∙ 𝐺௪,௘
ଶ ൅ 𝑎଻ ∙ 𝐺௪,௘ ൅ 𝑎଼ (7)

where r is the real-time load ratio of the chiller. tc and te represent the condensing temperature and 
evaporating temperature, respectively, °C. Qc and Qe are the real-time cooling capacity and real-time 
condensing heat output, respectively, kW. tw,e,E and tw,c,E indicate the chilled water inlet temperature and 
cooling water outlet temperature, respectively, °C. Gw,c and Gw,e correspond to the cooling water mass flow 
rate and chilled water mass flow rate, respectively, kg/s. F(Gw,c) and F(Gw,c) are empirical functions 
dependent on Gw,c and Gw,e, respectively. Coefficients a1 to a8 are fitting parameters determined 
experimentally using measured data of evaporating temperature, condensing temperature, chilled and 
cooling water flow rates, and inlet and outlet water temperatures. 

Water pumps in central cooling systems are primarily utilized to circulate cooling water or chilled 
water to critical components such as cooling towers and chillers, thereby maintaining the system’s 
operational cycle. The rated parameters of the pumps in this system are summarized in Table 2. 

Table 2. Pumps rated parameters. 

Rated Parameters Chilled Pump1 Chilled Pump2 Cooling Pump1 Cooling Pump2 
Flow rate (m3/h) 730 280 865 350 

Power (kW) 110 45 90 37 
Pressure (m) 40 40 25 25 

Frequency (Hz) 50 50 50 50 

The energy consumption of chilled water pumps and cooling water pumps is predominantly governed 
by their flow rates, with the corresponding energy consumption models explicitly formulated in Equations 
(8) and (9). 
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𝑃௖ ൌ 𝑏ଵ ∙ 𝐺௪,௖
ଶ ൅ 𝑏ଶ ∙ 𝐺௪,௖ ൅ 𝑏ଷ (8)

𝑃௘ ൌ 𝑏ସ ∙ 𝐺௪,௘
ଶ ൅ 𝑏ହ ∙ 𝐺௪,௘ ൅ 𝑏଺ (9)

where Pc and Pe are the power consumption of the cooling water pump and chilled water pump, respectively. 
b1~b6 represent the fitting coefficients for the pump models. 

Cooling towers serve as the critical component in the heat rejection process of central cooling systems. 
The rated parameters of the cooling towers in this system are summarized in Table 3. 

Table 3. Cooling Tower rated parameters. 

Rated Parameters Value Unit 
Rated power 51 kW 

Cooling capacity 2326 kW 
Water flow rate 400 m3/h 

The energy consumption model of cooling towers is similar to that of water pumps. It is developed 
based on their actual operating frequency, as suggested by existing literature. The corresponding energy 
consumption is expressed as shown in Equation (10). 

𝑃௖௢ ൌ 𝑒଴ ∙ 𝑓ଷ ൅ 𝑒ଵ ∙ 𝑓ଶ ൅ 𝑒ଶ ∙ 𝑓 ൅ 𝑒ଷ (10)

where Pco is the real-time power consumption of the cooling tower, f represents its operating frequency. 
The model parameters for various components of the central cooling system were determined through 

experimental fitting and existing literature review, as listed in Table 4. 

Table 4. Model parameters. 

Model Parameters Value 
a1 −0.41527 
a2 −0.49308 
a3 −0.00521 
a4 2.88287 
a5 13.45778 
a6 −0.01786 
a7 4.96740 
a8 8.52341 
b1 −0.02668 
b2 6.35890 
b3 −4.33009 
b4 −0.00268 
b5 1.03823 
b6 −0.20544 
e0 0.00000381 
e1 0.0001815 
e2 −0.0064332 
e3 0.091875 

2.2.3. Battery 

This paper utilizes the Deli NP100-12UPS model of storage battery, which is a 12 V, 100 Ah lead-acid 
battery. When there is renewable electricity, the excess energy is stored in the battery. When the renewable 
electricity is insufficient to meet the load demand, the stored energy in the battery is discharged. 

The state of charge (SOC) is commonly used to represent the charging and discharging process of a battery. 
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Charging: 

𝑆𝑂𝐶ሺ𝑡ሻ ൌ 𝑆𝑂𝐶ሺ𝑡 െ Δ𝑡ሻ ൅
𝑃௕௔௧𝜂௕Δ𝑡
𝑁௕௔௧

 (11)

Discharging: 

𝑆𝑂𝐶ሺ𝑡ሻ ൌ 𝑆𝑂𝐶ሺ𝑡 െ Δ𝑡ሻ ൅
𝑃௕௔௧Δ𝑡
𝑁௕௔௧𝜂௕

 (12)

where Δt is the time duration for charge or discharge. Pbat is the charge and discharge power (positive value 
is charge, while negative value is discharge). ηb is the charge and discharge efficiency, which is 0.95 in this 
paper. Nbat is the battery capacity. 

2.2.4. Ice Tank 

As the cooling energy storage device in the integrated energy system, the ice storage tank enables peak 
shaving and valley filling. By leveraging time-of-use electricity pricing strategies, it stores cooling energy 
via ice formation during off-peak nighttime hours and releases stored energy during daytime peak periods. 
This operational strategy significantly reduces cooling costs during high-tariff intervals and alleviates grid 
load pressure [39]. 

Under ice storage mode, the ice storage rate can be considered constant [40]. The energy conversion 
efficiency from the chiller to the ice storage is influenced by losses in the distribution network and the 
operational characteristics of the ice storage equipment. The real-time ice storage capacity is expressed as: 

𝑄௜ ൌ 𝜂 ∙ ∑ ∑ 𝑃𝐿𝑅௡ሺ𝑡ሻ ∙ 𝑄௡,௖௔௣ሺ𝑡ሻ
௧ೖ
௧ୀ௧బ

ே
௡ୀଵ   (13)

where 𝜂 is the cooling capacity conversion efficiency, set as 0.96. N represents the number of ice-making 
units. t0 and tk are the start and end times of the ice-making cycle, respectively. 𝑃𝐿𝑅௡ሺ𝑡ሻ indicates the 
partial load ratio of the n-th ice-making unit at time t. 𝑄௡,௖௔௣ is the rated cooling capacity of the n-th ice-
making unit, kW. 

The ice melting rate is time-varying. In ice storage systems, the ice gradually melts inward from the 
outer layer of the storage tank. The thermal resistance of the ice-water mixture increases with melting 
duration, leading to a decay in melting rate, as depicted in the Figure 5. Studies [41] have demonstrated that 
the maximum instantaneous melting capacity during this process is a function of the remaining ice volume 
in the storage device. 

 

Figure 5. Ice melting curve. 
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At time t, the maximum releasable cooling capacity of the ice storage tank is constrained by the residual 
ice volume and the instantaneous melting rate. The melting rate is formulated in Equations (14) and (15). 
This nonlinear melting model has been experimentally validated in Ref. [41]. 

𝜀ఉ ൌ 0.1463 ∙ ሺ1.1992 െ 𝛽ሻ/1.3176 (14)

𝛽 ൌ 1.1992 െ 1.3176 ∙ 𝑒ିଵ.ଵଵଵ଴଺௧ (15)

where 𝛽 is the percentage of melted ice relative to the total ice storage capacity. 
The maximum ice melting capacity of the ice storage tank at time t is: 

𝑄௠ ൌ
𝑄௜௧ ∙ 𝜀ఉ
𝐻

 (16)

where Qit is the total capacity of the ice tank. H is the ice melting time. 

2.3. Optimization Problem 

2.3.1. Objective Functions 

In the design of IES, this study considers the daily operating cost (Cost), CO2 emission reduction rate 
(CDERR), and renewable energy utilization rate (RU) as objectives for optimizing the system from the 
perspectives of economy, environment, and energy. 

ቐ
𝑚𝑖𝑛ሺ 𝐶𝑜𝑠𝑡ሻ

𝑚𝑎𝑥ሺ 𝐶𝐷𝐸𝑅𝑅ሻ
𝑚𝑎𝑥ሺ𝑅𝑈ሻ

 (17)

The daily operating cost is expressed as: 

𝐶𝑜𝑠𝑡 ൌ
𝐿𝐶𝐶

𝑁 ∗ 365
 (18)

LCC is the life cycle cost [42]. N is the life span of the system, which is 20 years in this study. It should 
be noted that the current economic assessment assumes constant component efficiency over the system 
lifetime and fixed energy prices. 

𝐿𝐶𝐶 ൌ 𝐼𝐶𝐶 െ ∑ ௗ೙
ሺଵା௜ሻ೙

𝑡𝑟 ൅ ∑ ௔೙
ሺଵା௜ሻ೙

ሺ1 െ 𝑡𝑟ሻ ൅ே
௡ୀଵ

ே
௡ୀଵ ∑ ூ஼஼೙

ሺଵା௜ሻೝ೗೎
ሺ1 െ 𝑡𝑟ሻ െ

௦

ሺଵା௜ሻಿ
ோ
௥ୀଵ   (19)

where ICC is the initial capital cost of the system (US$). i represents the interest rate, set at 7% in this study. 
dn is the annual depreciation (US$). tr indicates the tax rate, defined as 5% in this study. an is the annual 
maintenance and operational costs. R refers to the number of equipment replacements over the system 
lifecycle. ICCn signifies the replacement cost of the n-th component. lc is the lifecycle of the n-th replaced 
component. s stands for the system salvage value. 

𝐼𝐶𝐶 ൌ 𝑁௉௏𝐶௉௏ ൅ 𝑁ௐ்𝐶ௐ் ൅ 𝑁஻𝐶஻ ൅ 𝑁ூ஼ா𝐶ூ஼ா (20)

where NPV and NWT are the number of installed PV panels and Wind turbines in the system, respectively. 
NB and NICE represent the capacity of the battery storage and ice storage tank, respectively (kWh); C is the 
unit cost of the equipment, defined as the price per unit quantity or capacity. 

𝐶𝐷𝐸𝑅𝑅 ൌ
𝑚஼ைమ,௧௥௔ െ 𝑚஼ைమ,௡௘௪

𝑚஼ைమ,௧௥௔
 (21)

where mCO2,tra and mCO2,new are the CO2 emission in the tradition energy supply mode and the proposed 
method in this paper. 

The traditional energy supply mode typically generates electricity through coal combustion. The 
production of 1 kWh of electricity requires the consumption of 360 g of standard coal. 
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𝑚஼ைమ,௧௥௔ ൌ 0.36𝑢஼ைమ𝑠𝑢𝑚ሺ𝐸௟௢௔ௗ ൅ 𝐸஺஼ሻ (22)

𝑚஼ைమ,௡௘௪ ൌ 0.36𝑢஼ைమ𝑠𝑢𝑚ሺ𝐸௚௥௜ௗ,௜௡ሻ (23)

where uCO2 is the CO2 emission of standard coal. sum(Eload) and sum(EAC) are the total electric load and the 
total power of the air conditioning system. Sum(Egrid,in) is the electricity purchased from the grid. 

𝑅𝑈 ൌ 1 െ
𝑠𝑢𝑚ሺ𝐸௚௥௜ௗ,௢௨௧ሻ
𝑠𝑢𝑚ሺ𝑃ோாሻ

 (24)

where sum(Egrid,out) is the electricity sold to the grid. 𝑠𝑢𝑚ሺ𝑃ோாሻ is the total RE power. 

2.3.2. Decision Variables 

Based on the composition and operational strategies of the IES, this optimization problem requires the 
determination of four key variables: 𝑁௉௏ ,𝑁ௐ் ,𝑁஻ ,𝑁ூ஼ா. NB and NICE represent the energy storage capacity 
of the system. It should be noted that this optimization focuses solely on the design capacities of the system 
components. The operational dispatch follows fixed rule-based strategies as described in Section 2.1 and 
Figures 2 and 3. 

2.3.3. Constraints 

The constraints of an IES can be divided into equality constraints and inequality constraints. 

Equality Constraints 

The equality constraints primarily refer to the operational requirements and energy balance constraints 
of the system. The following equation gives the energy balance constraint at each time: 

Electricity balance: 

𝐸௣௩,௜ ൅ 𝐸௪௧,௜ ൌ 𝐸௟௢௔ௗ,௜ ൅ 𝐸஺஼ ൅ 𝑑ሺ𝐸௕௔௧ሻ௜ ൅ 𝐸௚௥௜ௗ,௢௨௧,௜  (25)

where d(Ebat)i is the battery electricity change at time period i. 
Cooling balance: 
Ice storage period: 

𝑄஺஼,௜ ൌ 𝑄௦௧௢௥௔௚௘,௜ ൅ 𝑄௟௢௔ௗ,௜  (26)

Ice melting period: 

𝑄௟௢௔ௗ,௜ ൌ 𝑄௦௧௢௥௔௚௘,௜ ൅ 𝑄஺஼,௜  (27)

Inequality Constraints 

The inequality constraints primarily include constraints on equipment capacity, constraints on 
equipment power, constraints on states of equipment such as SOC of battery. 

𝑁௉௏
௠௜௡ ൑ 𝑁௉௏ ൑ 𝑁௉௏

௠௔௫ (28)

𝑁ௐ்
௠௜௡ ൑ 𝑁ௐ் ൑ 𝑁ௐ்

௠௔௫ (29)

𝑁஻
௠௜௡ ൑ 𝑁஻ ൑ 𝑁஻

௠௔௫ (30)

𝑁ூ஼ா
௠௜௡ ൑ 𝑁ூ஼ா ൑ 𝑁ூ஼ா

௠௔௫ (31)

0 ൑ 𝑄ூ஼ா,ௌ்ை ൑ 𝑄ூ஼ா,ௌ்ை
௠௔௫  (32)
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0 ൑ 𝑆𝑂𝐶ሺ𝑡ሻ ൑ 1 (33)

2.4. Optimization Solution 

2.4.1. Overview of PPO 

As a prominent reinforcement learning algorithm, PPO is designed to optimize policies by iteratively 
updating them within a trust region, ensuring stable and efficient training [43]. Unlike traditional policy 
gradient methods, PPO introduces a clipped surrogate objective function to limit policy updates, preventing 
drastic changes that could destabilize learning. This mechanism balances exploration and exploitation by 
constraining the policy’s deviation from its previous version. The core innovation of PPO lies in its clipped 
surrogate objective: 

𝐿஼௅ூ௉ሺ𝜃ሻ ൌ 𝐸௧෡ ሾmin ሺ𝑟௧ሺ𝜃ሻ𝐴௧෢, 𝑐𝑙𝑖𝑝ሺ𝑟௧ሺ𝜃ሻ, 1 െ 𝜖, 1 ൅ 𝜖ሻ𝐴௧෢ሻሿ (34)

𝑟௧ሺ𝜃ሻ ൌ
𝜋ఏሺ𝑎௧ ∣ 𝑠௧ሻ
𝜋ఏ௢௟ௗሺ𝑎௧ ∣ 𝑠௧ሻ

 (35)

where 𝐴௧෢ is the estimated advantage function at timestep t. 𝑟௧ሺ𝜃ሻ is the probability ratio between the new 
and old policies. 𝜖 defines the clipping range to prevent excessively large policy updates. 

The Critic network in PPO estimates the state-value function, which is trained to minimize the mean 
squared error (MSE) between predicted and target values: 

𝐿௏஺௅௎ாሺ𝜙ሻ ൌ 𝐸௧෡ ሾሺ𝑉𝜙ሺ𝑠௧ሻ െ 𝑅෠௧ሻଶሿ (36)

where 𝑅෠௧ is the discounted cumulative reward calculated using Generalized Advantage Estimation (GAE). 
The advantage function 𝐴መ௧ is derived as: 

𝐴መ௧ ൌ 𝑅෠௧ െ  𝑉థሺ𝑠௧ሻ (37)

PPO employs an Actor-Critic architecture. The Actor updates the policy 𝜋ఏሺ𝑎 ∣ 𝑠ሻ using the clipped 
objective 𝐿஼௅ூ௉, and the Critic updates the value function 𝑉థሺ𝑠ሻ via 𝐿௏஺௅௎ா, providing a baseline to reduce 

variance in policy gradients. This dual-network design enables efficient exploration-exploitation trade-offs 
while maintaining training stability. 

PPO’s simplicity and robustness enable it to be widely applied in single-objective optimization tasks, 
such as robotic control and game playing. However, its reliance on a single reward function limits its 
adaptability to complex scenarios requiring multi-objective trade-offs (e.g., balancing energy efficiency, 
cost, and environmental impact). To address this, this study extends PPO to a multi-objective framework, 
addressing challenges in reward shaping and optimization stability through adaptive mechanisms. 

2.4.2. MOPPO 

Traditional PPO employs a scalar reward function r(s,a)∈𝑅෠ to direct the agent toward optimizing a 
single objective, where policy gradient updates are dominated by the value function of that singular goal. 
In contrast, complex scenarios such as IES necessitate the simultaneous optimization of multi-dimensional 
objectives (e.g., economic efficiency, environmental sustainability, and energy utilization), which 
inherently constitutes a multi-objective optimization problem. To address this, the proposed framework 
confronts two critical challenges: 

1. Reward Dimensionality Expansion: Multi-Objective Reinforcement Learning (MORL) redefines 
rewards as a vector r(s,a) = [r1, r2, r3]T∈𝑅෠ௗ  where each dimension corresponds to a distinct objective 
(e.g., cost minimization, CO2 reduction, and photovoltaic utilization). 

2. Pareto Optimality: Optimization must generate a Pareto front (PF), representing a set of non-dominated 
trade-off solutions in the objective space. 
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To address these challenges, this study proposes a MOPPO framework, as outlined in Algorithm 1. 
Key innovations include: 

Vectorized Reward Processing: Extends the scalar reward function in traditional single-objective 
reinforcement learning to a multi-dimensional vector form, explicitly preserving trade-offs among objectives. 

 Algorithm 1 Multi-Objective Proximal Policy Optimization 

1 Initialize: Policy network πθ, value network Vϕ, Pareto frontier 

 PF ←∅, state normalizer Ns, reward normalizer Nr 

2 for episode = 1 to Nmax do 

3     Collect trajectory D = {(st, at, rt)} via πθ 

4     Update Ns with states, Nr with rewards 

5     for step t = 1 to T in episode do 

6         Extract multi-objective reward vector rt = [r ௧
ଵ , ..., r ௧

ெ ] 

7         if rt non-dominated by PF then 

8             Remove solutions in PF dominated by rt 

9             PF ← PF ∪ {rt} 

10         end if 

11     end for 

12     for objective m = 1 to M do 

13         Compute A௠  ← GAE(λ) using Vϕ 

14     end for 

15     Randomly select k solutions {Rp} from PF 

16     Compute advantage direction: 𝐴ሜ ← 1 𝑘⁄ ∑ ሺ𝑅௣ െ 𝑉థሺ𝑠ሻሻ ൉ 𝐴௞
௣ୀଵ  

17     Update policy using Ā as advantage signal 

18     for epoch = 1 to K do 

19         Compute value target: Vtarget ← Vϕ(s) + Ā 

20         Update value network: minϕ || Vϕ(s) - Vtarget ||ଶ
ଶ  

21         Compute ratio ρ(θ) ← πθ(a|s) / πold(a|s) 

22         Calculate loss Lclip ← E[min(y, clip(ρ, 1 ± ε)Ā)] 

23         Compute entropy Lent ← H(πθ) 

24         Update θ ← Adam(∇θ(Lclip + 0.01Lent)) 

25     end for 

26 end for 

Pareto Policy Selection: At the end of each training episode, non-dominated sorting is applied to state-
action trajectories within the trajectory buffer to dynamically generate the current Pareto front. The frontier 
solution set directly guides policy network updates, ensuring balanced convergence across competing objectives. 

In the design of IES, this study redefines the core elements of the reinforcement learning framework 
to accommodate multi-objective optimization: 

State Space: The state vector s = [s1, s2, s3, s4], where: 
s1: installed capacity of PV (m2). s2: installed capacity of wind turbine (number of units). s3: battery 

storage capacity (kWh). s4: ice storage tank capacity (kWh). Each state variable is normalized to the range 
[0, 1] based on its predefined upper and lower bounds (as given in Section 2.3.3, Constraints). 

Action Space: The action vector shares the same dimensionality as the state vector. Each dimension ai 
governs the directional adjustment and magnitude of the corresponding state parameter si, thereby 
transforming the continuous design optimization problem into a learnable policy search process. 

Reward: The reward vector is defined as r = [r1, r2, r3]T, where: 
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r1: −Cost (negative daily operating cost, to be minimized). r2: CDERR (CO2 emission reduction rate, 
to be maximized). r3: RU (renewable energy utilization rate, to be maximized). 

According to Algorithm 1, the workflow of MOPPO can be divided into four stages: 

(1) Multi-objective Reward Processing and Pareto Front Maintenance (Lines 4–7): At every step of 
episode, the multi-dimensional reward vector rt = [r1, r2, r3] is extracted. To avoid dominance by any 
single objective during optimization due to differences in units and scales, all reward components are 
normalized to a comparable numerical interval. Specifically, each reward component ri (i.e., Cost, 
CDERR, RU) is normalized linearly to the range [0, 1] based on the minimum and maximum values 
observed in the current Pareto front. This ensures that no objective inherently dominates the policy 
update because of its absolute magnitude. The normalized reward vector is then used for non-
dominated sorting and advantage computation. The PF is dynamically updated based on non-
dominated criteria: if rt is not dominated by any solution in PF, it is added to PF, while existing 
solutions dominated by rt are removed, which ensures PF consistently represents the optimal trade-off 
solutions. Thus, at each episode step, the reward vector of the current state-action trajectory is 
compared against all stored solutions in the Pareto set. Dominance is determined using standard Pareto 
dominance rules (i.e., solution A dominates solution B if A is no worse than B in all objectives and 
strictly better in at least one). This mechanism guarantees that only non-dominated solutions are 
retained, and the frontier evolves monotonically toward the true Pareto front. 

(2) Advantage Computation (Lines 8–10): Instead of a scalar advantage, we compute a global advantage 
direction. k reference solutions {Rp}are selected from PF. The advantage is then calculated as 𝐴̅ ൌ
ଵ

௞
∑ሺ𝑅௣ െ 𝑉மሺ𝑠ሻሻ ∙ 𝐴 , where 𝐴̅  is the original advantage from the critic. This projects the multi-

objective reward differences into a scalar advantage that reflects the overall improvement direction 
toward the Pareto front. 

(3) Policy Network Optimization (Lines 11–15): The clipped surrogate objective of PPO is adapted to use 
this 𝐴̅ 

𝐿஼௅ூ௉ሺ𝜃ሻ ൌ 𝐸෠ሾmin ሺ𝑟௧ሺ𝜃ሻ𝐴̅, 𝑐𝑙𝑖𝑝ሺ𝑟௧ሺ𝜃ሻ, 1 െ 𝜖, 1 ൅ 𝜖ሻ𝐴̅ሻሿ (38)

An entropy regularization term Lent = H(πθ) is introduced to enhance exploration. 
(4) Critic Network Training (Lines 16–19): For M optimization objectives, critic networks {Vϕm} are 

trained by minimizing the mean squared error (MSE), which provides accurate state-value estimates 
for each objective, enabling the actor to learn a policy that balances all objectives simultaneously. 

2.4.3. MOPPO Evaluation 

DTLZ2 and DTLZ5 are classic multi-objective optimization benchmarks designed to evaluate 
algorithmic performance in high-dimensional objective spaces, focusing on convergence, distribution 
characteristics, and adaptability to complex geometric structures. Specifically: 

DTLZ2: Its PF is a segment of a hypersphere, serving to assess global convergence in uniformly 
distributed objective spaces. The mathematical formulation of DTLZ2 is given by: 
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𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒

⎩
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎧𝑓ଵሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ cos ቀ

𝑥ଵ𝜋
2
ቁ cos ሺ

𝑥ଶ𝜋
2
ሻ… cos ሺ

𝑥ெିଶ𝜋
2

ሻcos ሺ
𝑥ெିଵ𝜋

2
ሻ

𝑓ଶሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ cos ቀ
𝑥ଵ𝜋

2
ቁ cos ሺ

𝑥ଶ𝜋
2
ሻ… cos ሺ

𝑥ெିଶ𝜋
2
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𝑥ெିଵ𝜋

2
ሻ

𝑓ଷሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ cos ቀ
𝑥ଵ𝜋

2
ቁ cos ሺ

𝑥ଶ𝜋
2
ሻ… sin ሺ

𝑥ெିଶ𝜋
2

ሻ

⋮

𝑓௞ሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ cos ቀ
𝑥ଵ𝜋

2
ቁ… sin ቀ

𝑥ெି௞ାଵ𝜋
2

ቁ

⋮

𝑓ெሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ sin ቀ
𝑥ଵ𝜋

2
ቁ

  (39)

Subject to: 0 ൏ 𝑥௜ ൏ 1,∀𝑖 ൌ 1, 2, … ,𝑛 (40)

where: 𝑔ሺ𝑥ሻ ൌ ∑ ሺ𝑥௜ െ 0.5ሻଶ௡
௜ୀெ  (41)

DTLZ5: By introducing nonlinear variable correlations, it constructs a non-uniform PF to test solution 
uniformity and local search capability in geometrically complex scenarios. The mathematical formulation 
of DTLZ5 is given by: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒
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⎨
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൰ cos ሺ

𝜃ଶ𝜋
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ሻ… sin ሺ
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ሻ

⋮
⋮

𝑓௞ሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ cos ൬
𝜃ଵ𝜋

2
൰… sin ൬

𝜃ெି௞ାଶ𝜋
2

൰

⋮

𝑓ெሺ𝑥ሻ ൌ ൫1 ൅ 𝑔ሺ𝑥ሻ൯ sin ൬
𝜃ଵ𝜋

2
൰

  (42)

Subject to: 0 ൏ 𝑥௜ ൏ 1,∀𝑖 ൌ 1, 2, … ,𝑛 (43)

𝜃 ൌ

⎩
⎨

⎧
𝜋

4൫1 ൅ 𝑔ሺ𝑥ሻ൯
ሺ1 ൅ 2𝑔ሺ𝑥ሻ𝑥௜ሻ 𝑖 ൌ 1

𝜋

4൫1 ൅ 𝑔ሺ𝑥ሻ൯
ሺ1 ൅ 2𝑔ሺ𝑥ሻ𝑥௜ሻ 𝑖 ൌ 2, 3, … ,𝑛

  (44)

𝑔ሺ𝑥ሻ ൌ෍ ሺ𝑥௜ െ 0.5ሻଶ
௡

௜ୀெ
  (45)

The Inverted Generational Distance (IGD) is a multi-objective optimization performance metric that 
evaluates the distribution and convergence of solution sets by calculating the average Euclidean distance 
between the algorithm-derived solutions and the true Pareto front. A smaller IGD value indicates closer 
proximity to the true front and better distribution uniformity. The key parameter configurations for MOPPO, 
MOPSO, and MOSFO are shown in Table 5. 

Table 5. Algorithm parameters. 

Algorithm The Setting of the Relevant Parameters 
MOPPO Episode = 200, step = 10, boundary of action = [0, 1], gamma = 0.99 
MOPSO MaxIt = 200, Pop = 50, ω= 0.5 
MOSFO MaxIt = 200, Pop = 50, pollination rate = 0.1, mortality rate = 0.1 
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2.4.4. Decision-Making Method 

It is noteworthy that the Pareto front inherently characterizes a fundamental attribute of multi-objective 
optimization problems: trade-offs exist among competing objectives, making it impossible to achieve 
optimal results for all of them. Consequently, no single solution absolutely dominates all others. To resolve 
this decision-making challenge, this study employs the Technique for Order Preference by Similarity to 
Ideal Solution (TOPSIS) for further refinement and ranking of the Pareto solution set. 

The core concept of TOPSIS lies in constructing positive and negative ideal solutions within the multi-
objective space, then measuring the Euclidean distance between each candidate solution and these reference 
points. The relative closeness derived from these distances serves as the metric for solution ranking. To 
eliminate dimensional heterogeneity among objectives, all objective values undergo normalization via 
linear scaling to the [0, 1] interval prior to distance computation. For the normalized value zij the j-th 
objective in the i-th solution, the following formulation applies: 

𝑍 ൌ

⎩
⎪
⎨

⎪
⎧ 𝑥௜௝ െ 𝑥௝

௠௜௡

𝑥௝
௠௔௫ െ 𝑥௝

௠௜௡

𝑥௝
௠௔௫ െ 𝑥௜௝

𝑥௝
௠௔௫ െ 𝑥௝

௠௜௡

  (46)

The positive ideal solution Z+ and negative ideal solution Z− are defined as the sets of maximum and 
minimum values across all normalized objectives, respectively. Subsequently, the Euclidean distances 
between the i-th solution and these ideal references are computed as follows [44]: 

𝐷௜
ା ൌ ට∑ ሺ𝑧௜௝ െ 𝑧௝

ାሻଶ௠
௝ୀଵ   (47)

𝐷௜
ି ൌ ට∑ ሺ𝑧௜௝ െ 𝑧௝

ିሻଶ௠
௝ୀଵ   (48)

The relative closeness is expressed as follow: 

𝐶௜ ൌ
𝐷௜
ି

𝐷௜
ା ൅ 𝐷௜

ି  (49)

A Ci value closer to 1 indicates better solution performance. 

3. Case Study 

3.1. Meteorological and Load Analysis 

The building electricity and cooling load data used in this study were obtained through an 8760-h 
annual dynamic simulation of an office building in Shanghai using EnergyPlus. The meteorological data, 
sourced from the Shanghai Typical Meteorological Year (TMY) file available at 
https://energyplus.net/weather (accessed on 8 October 2024), include hourly dry-bulb temperature, relative 
humidity, solar irradiance (direct and diffuse), and wind speed. 

The annual solar radiation, temperature, as well as wind speed variation profiles are shown in Figure 
6. It can be seen that the solar radiation is concentrated from late spring to summer, characterized by high 
intensity and long duration, while the temperature exhibits distinct seasonal fluctuations, with prolonged 
higher temperatures in summer and lower temperatures in winter. The annual wind speed variation indicates 
that the region possesses relatively abundant wind resources, demonstrating potential to develop and utilize 
wind energy for RE generation. 
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Figure 6. Meteorological data. (a) Irradiance; (b) Temperature; (c) Wind speed. 

Figure 7 illustrates the hourly cooling and electricity load profiles across summer, transitional seasons, 
and winter. In summer, the cooling load peaks during daytime hours, particularly from noon to afternoon, 
driven by intensive cooling demand. Transitional seasons exhibit significantly lower cooling loads, with 
minor fluctuations concentrated around midday. In contrast, winter cooling demand is negligible, reflecting 
minimal refrigeration requirements. Meanwhile, the electricity load consistently demonstrates a dual-peak 
pattern (midday and evening) throughout all seasons. However, the magnitude and temporal characteristics 
of these peaks are strongly modulated by seasonal cooling load variations. 

 

Figure 7. Typical-day load profiles of different seasons. (a) Summer; (b) Transitional seasons; (c) Winter. 

3.2. Parameter Settings 

The parameter configuration for this case study comprises equipment economic parameters, energy 
pricing parameters, and algorithmic parameters. The specifications for the first two are detailed in Tables 
6 and 7 [45], while the algorithmic parameters are given in Table 8. 
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Table 6. Economic parameters of each device. 

Device Value 
PV 1.05 $/W 

Wind turbine 1.45 $/W 
Ice tank 0.5 $/W 
Battery 0.5 $/W 

Table 7. Time-of-use (TOU) Electricity Pricing Structure. 

Period Type Time Range Value (US$) 
Peak 8:00–23:00 0.086 

Off Peak 0:00–7:00 0.043 
feed in tariff 0:00–23:00 0.056 

Table 8. MOPPO and LSTM parameters. 

 Item Value 

MOPPO 

Episode 1000 
Step of every episode 2 

Hidden Layer Dimension 128 
Actor Learning Rate 0.0003 
Critic Learning Rate 0.00003 
Discount Factor (γ) 0.99 
Clipping Epsilon (ε) 0.2 
GAE parameter (λ) 0.95 
Entropy coefficient 0.01 

LSTM 

Train 80% 
Test 20% 

Learning rate 0.001 
Batch size 32 

R2 (PV) 0.89 
RMSE (PV) 6.83% 

R2 (wind) 0.87 
RMSE (wind) 8.41% 

3.3. Wind and Solar Power Prediction Model 

In this study, LSTM-based prediction models were developed for PV and wind power generation 
forecasting. The specifications of the components are provided in Table 9. The PV power model was trained 
using meteorological data and PV output records from the Alice Springs Solar Centre in Australia [46], 
with each PV unit having a rated capacity of 5.4 kW as the basic prediction unit, and was applied to estimate 
PV power generation in Shanghai. The wind power model was trained on wind speed and direction data 
from a wind farm in China [47], and was transferred to estimate wind power generation in Shanghai. This 
is under the assumption of similar PV and wind turbine characteristics. According to prior research by the 
author team [48,49], such model transfer methods based on physical similarity have been validated to be 
effective in cross-regional applications. The annual distributions of PV and wind power generation are 
illustrated in Figure 8. 

Table 9. Rated Technical Parameters of PV Panels and Wind Turbines. 

Device Type Parameter Value Unit 

PV 
Panel Type BP 3165 / 

Panel Rateing 165 W 
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Panel Area 1.26 m2 

WT 

Turbine Type XE72  
Capacity 2000 kW 

Hub height 65.0 m 
Rotor diameter 70.7 m 

 

Figure 8. Wind and solar power forecasting. (a) Wind power forecasting; (b) PV power forecasting. 

4. Results and Discussion 

4.1. Comparison of Different Optimization Algorithms 

This section presents a comprehensive performance evaluation of the proposed MOPPO algorithm, 
comparing it against state-of-the-art multi-objective optimization methods: Multi-Objective Particle Swarm 
Optimization (MOPSO) and Multi-Objective Sunflower Optimization (MOSFO). Two widely recognized 
multi-objective test functions (DTLZ2 and DTLZ5), together with the IGD, are adopted as the performance 
metrics to evaluate both distribution and convergence of the solution sets. 

4.1.1. PF Analysis of MOPPO on Benchmark Problems 

Figure 9 illustrates the three-dimensional comparison between the Pareto optimal solutions (blue points) 
generated by the MOPPO and the true PF (green points) for DTLZ2. The results show that MOPPO’s 
solution set closely aligns with the true PF surface and exhibits a uniform distribution along the objective 
axes (f1, f2, and f3), demonstrating its superior convergence and diversity preservation in balancing multi-
objective conflicts. 

MOPPO’s solution set of DTLZ5 achieves precise coverage of the PF, as shown in Figure 10. Although 
the nonlinear objective correlations in the DTLZ5 problem pose significant optimization challenges, 
resulting in a slightly sparse distribution of solutions in the high-f1 and high-f2 regions compared to the 
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true PF, MOPPO demonstrates remarkable adaptability to nonlinear objective interactions, maintaining 
strong alignment with the true PF. 

Figure 9. Pareto front of MOPPO tested on DTLZ2. (a) Front view; (b) Side view. 

 

Figure 10. Pareto front of MOPPO tested on DTLZ5. (a) Front view; (b) Side view. 

4.1.2. Convergence Analysis of MOPPO on Benchmark Problems 

Figures 11 and 12 present the IGD convergence curves of the three algorithms tested with DTLZ2 and 
DTLZ5, respectively. MOPPO demonstrates significant advantages in both functions. For test function 
DTLZ2, MOPPO’s IGD value rapidly declines at early iterations (<50) and stabilizes after approximately 
150 iterations. This fast convergence stems from its policy gradient mechanism, which accurately captures 
intricate objective interactions and effectively resolves high-dimensional trade-offs. In contrast, MOPSO 
exhibits minor oscillations after 100 iterations due to parameter sensitivity and ultimately converges to a 
higher IGD value than MOPPO, indicating suboptimal convergence accuracy of the solution set. While 
MOSFO stagnates at higher IGD values owing to premature convergence, reflecting deviation from the true 
PF and poor distribution characteristics. 



Smart Energy Syst. Res. 2026, 2(3), 10009. doi:10.70322/sesr.2026.10009 21 of 33 

 

 

Figure 11. IGD convergence of DTLZ2. 

 

Figure 12. IGD convergence of DTLZ5. 

For test function DTLZ5, MOPPO’s IGD curve shows a sharp initial descent. Conversely, MOPSO 
stalls in later iterations (>150) due to limited local search capability, and MOSFO experiences IGD rebound 
caused by distribution entropy fluctuations. 

The average IGD convergence values of the three algorithms are presented in Table 10. These values were 
obtained by averaging the final converged IGD results from 50 independent runs on the benchmark problems. 
Compared to MOPSO and MOSFO, MOPPO achieves 20.8% and 64.0% lower IGD values on DTLZ2, and 
41.2% and 75.3% lower on DTLZ5, respectively. These substantial reductions signify that MOPPO’s solution 
sets exhibit significantly enhanced convergence precision when approximating the true PF. 

Table 10. Performance of Algorithms on DTLZ2 and DTLZ3. 

Algorithm IGD of DTLZ2 IGD of DTLZ5 
MOPPO 0.0680 0.0147 
MOPSO 0.0859 0.0596 
MOSFO 0.1890 0.0250 
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In summary, MOPPO not only maintains a uniform distribution of solutions in the objective space but 
also rapidly converges to the true PF. This dual advantage makes it particularly suitable for addressing 
complex multi-objective optimization problems. 

4.2. Optimization Results 

4.2.1. PF Analysis of MOPPO on IES 

To verify the effectiveness and superiority of the proposed MOPPO algorithm in solving the optimal 
design of the IES, the MOPSO was introduced as a benchmark for comparison. Figure 13 illustrates the Pareto 
optimal frontiers obtained by MOPPO and MOPSO, explicitly revealing the trade-offs among operational 
cost, CDERR, and RU. The training of MOPPO on the IES design problem converged after approximately 
800 episodes, as evidenced by the stabilization of the average episode reward and the hypervolume of the 
Pareto front. The PF of MOPPO exhibits the following characteristics: The optimal solution set for daily cost 
spans from $8730.86 to $15,064.02. Regarding environmental performance, CDERR values cover 48–60%, 
while the RU range spans 76–97%, with peak values occurring in high-cost regions. 

 

Figure 13. Pareto frontier of the optimization. (a) Pareto of MOPPO; (b) Pareto of MOPSO. 

Observation of the Pareto fronts reveals that the solution sets generated by MOPPO and MOPSO 
exhibit similar distribution trends and coverage ranges in the objective space. This similarity verifies the 
convergence capability of the MOPPO algorithm, demonstrating that the DRL-based approach can 
effectively approximate the true Pareto front. 

Further analysis of the Pareto front reveals intricate interactions among the three objectives. As RU 
approaches 1 (indicating near-full renewable utilization), the system requires a high penetration of 
renewable generation, leading to substantial initial investment costs and consequently an increase in total 
cost. Concurrently, the CDERR exhibits a slight decline. This inverse relationship originates from an 
inherent conflict between the optimization objectives: the definition of the RU (Equation (24)) rate 
inherently discourages electricity sales, while the definition of the CDERR (Equation (21)) necessitates 
maximizing the total generation from renewables. Consequently, the pursuit of a higher renewable energy 
utilization rate inhibits the deployment of large-scale renewable capacity to avoid power sales, thereby 
limiting the achievable carbon emission reduction rate. 

The solution distribution shows dense clustering in economically favorable low-cost regions, offering 
decision-makers flexible options to balance environmental targets within budget constraints. For instance, 
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In scenarios with high carbon trading costs or stringent emission mandates, solutions prioritizing CDERR 
can be selected. Under energy cost pressures, solutions near the low-cost Pareto region are optimal. 

4.2.2. Comprehensive Evaluation of Pareto-Optimal Solutions Using TOPSIS Method 

Table 11 presents the comparison of the final optimal design solutions selected by TOPSIS for both 
algorithms. As indicated in Table 3, although both algorithms provide feasible design schemes, the optimal 
solution derived from MOPPO outperforms the MOPSO solution in terms of comprehensive performance. 
Specifically, the MOPPO solution achieves a lower Cost of $16,834.87, representing a 6.52% reduction 
compared to the $18,009.32 cost of MOPSO. Furthermore, MOPPO demonstrates superior environmental 
performance, with a CDERR of 59.49%, corresponding to a 9.54% improvement over MOPSO. This 
superiority can be attributed to the proximal policy optimization mechanism, which enables more stable 
updates and fine-grained search in the continuous action space of equipment capacity configuration. 
Consequently, the MOPPO-optimized configuration was selected as the final design scheme for further 
analysis in the subsequent sections. 

Table 11. Optimal capacity configuration. 

Algorithm Cost CDERR RU PV WT Battery Ice Tank 
MOPPO 16,834.87 59.49 87.02 824 4 9301 37,949 
MOPSO 18,009.32 54.31 89.96 765 4 9283 39,727 

Unit USD % % m2 - kWh kWh 

4.3. Analysis of Energy and Economy 

In this section, the cooling and electricity balance analysis are presented to show the operational 
strategies of the IES. 

4.3.1. Cooling and Electricity Balance 

As illustrated in the typical daily electricity balance diagrams for summer, winter, and the transitional 
seasons in Figure 14, the system shows clear seasonal differences in demand profile, RE usage, and battery 
storage strategies. During the summer period, the electricity demand between 0:00–5:00 remains relatively 
higher compared to other seasons due to significantly increased cooling requirements. Wind power 
generation is insufficient during the 00:00–01:00 and 03:00–05:00 periods. To meet the load gap, the 
system satisfies the load demand through battery discharge and purchasing power from the grid. After 12:00, 
except for a local peak at 17:00, renewable energy generation is generally inadequate: photovoltaic power 
generation is constrained by installed capacity, and wind power output is intermittent, leading to occasional 
reliance on battery discharge. 

In winter, electricity demand is relatively lower, and nighttime load decreases significantly. This is 
primarily because ice storage cooling mode is not activated in winter, and electricity is mainly used to meet 
basic cooling load. Although wind power generation is limited between 00:00 and 06:00, it still meets the 
baseline nighttime load demand, with surplus power used to charge the battery. Daytime wind power 
exhibits significant fluctuations: except for the peak in wind power generation between 09:00 and 11:00, 
renewable energy output is noticeably lower during other periods. The battery is depleted by 11:00 and 
remains at a 0% SOC thereafter. The system primarily relies on grid power to maintain stable operation. 
By midday, the battery is often fully discharged, and the system relies on grid electricity. Unlike summer, 
no ice storage is used, and the operational strategy focuses purely on electricity balance. 

Transition seasons demonstrate significant advantages in wind power resources. Between 02:00–06:00 
and 08:00–12:00, The system prioritizes storing excess electricity in the battery, and by 12:00, the battery’s 
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SOC reaches the upper limit of its rated capacity. Thereafter, all excess wind power is directly transmitted 
to the grid between 12:00 and 18:00. Throughout this period, the battery remains fully charged at its 
maximum capacity. This operational mode not only facilitates the utilization of renewable energy but also 
significantly enhances the system’s economic performance via revenue generated from electricity sales. 

 

Figure 14. Electricity balance of the system. (a) Summer; (b) Winter; (c) Transition season. 

The cooling balance across seasons is illustrated in Figure 15. Summer is characterized by high cooling 
demand and strong solar irradiance, but moderate wind speeds. Due to the temporal mismatch between 
solar generation and cooling demand, the system relies heavily on ice storage to shift cooling loads. By 
relying on overnight ice storage, the system meets part of the daytime cooling demand in summer. 
Specifically, during the nighttime period from 00:00 to 05:00, the system initiates ice-making mode to 
convert electrical energy into ice for cooling storage. This ice-storage strategy reduces peak power demand 
during daytime operation. The discharge process of the ice storage from 10:00 to 22:00 shows a gradual 
decrease in the cooling energy supplied by the ice tank, attributable to the declining melting rate as 
discussed in Section 2.2.4. It is noteworthy that no ice charging occurs at 17:00, as this period coincides 
with the peak wind power generation shown in Figure 14. The system prioritizes the use of green electricity 
to directly drive the chillers for cooling, thereby reducing ice consumption and enhancing the utilization of 
clean energy. 

Because of the residual ice from the previous day, less ice is stored at night on the typical transitional 
season day than on a summer day. As shown in Figure 15, the duration of ice storage operation in these 
seasons is only 3 h, significantly shorter than the 6 h in summer. During the daytime (08:00–18:00) of that 
day, wind and photovoltaic power generation are relatively abundant, enabling renewable electricity to 
directly power the chillers and meet most of the cooling demand. As a result, the ice storage system remains 
in standby mode. Between 19:00 and 21:00, when renewable generation declines, the system activates the 
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ice storage to discharge cooling energy, supplementing the chiller output to ensure stable coverage of the 
cooling load. 

 

Figure 15. Cooling balance. (a) Summer; (b) Transition season. 

Throughout the summer, the ITES effectively shifts daytime peak electricity demand via coordinated 
charging and discharging strategies. By prioritizing direct use of surplus green electricity for cooling, the 
system not only guarantees cooling reliability but also improves economic and environmental performance. 
In transitional seasons, the operational strategy focuses on maximizing renewable energy consumption, 
with the ice storage system serving as a supplementary regulation measure. This further enhances the 
utilization of clean energy and increases the overall economic efficiency of the system. 

4.3.2. Seasonal Power Generation Analysis 

Figure 16 depicts the energy mix of the system. The results reveal the dominance of RE sources, which 
maintains a share between 76.7% and 86.8%. It should be noted that the term “Renewable” here refers to 
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direct generation from sources such as wind and PV, while the electricity labeled as “Battery” also 
originates entirely from renewable sources. Essentially, battery storage captures surplus renewable 
electricity and discharges it when needed, thereby enabling a temporal shift in the power supply. Renewable 
contribution reaches its lowest level, at 76.7%, during summer. This decline stems from seasonal 
attenuation in wind power output and high cooling loads, which elevate grid-supplied electricity to 20.8%. 
Winter shows negligible cooling demand, and the ice storage system is not activated. The electricity load 
is dominated by lighting and office equipment. Wind power is generally stronger in winter due to seasonal 
monsoon effects, contributing to a renewable share of 80.9%. 

 

Figure 16. Seasonal energy mix composition. 

Concurrently, battery output rises to 6.8%, indicating the effectiveness of storage system integration in 
managing renewable generation. Transition seasons demonstrate optimal performance where mild climates 
ensure stable wind output and photovoltaic generation, minimizing grid reliance to 7.7%. 

Such power generation behavior confirms the climatic resilience of IES. During transition seasons, 
92.3% of electricity comes from clean energy sources—renewables together with battery storage. In 
extreme seasons, grid support becomes essential to maintain power supply reliability. Future optimization 
can prioritize long-term storage to further reduce dependence on grid supply. 

In summary, the seasonal analysis reveals that: (i) summer is the most challenging season due to high 
cooling demand and moderate wind resources, requiring ice storage and grid backup; (ii) winter relies on 
battery storage to manage wind variability, with no cooling demand; (iii) transition seasons achieve near-
grid-independence through abundant wind resources and low cooling loads. These seasonal differences 
justify the need for a multi-objective optimization that accounts for year-round performance rather than a 
single representative day. 
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4.4. Sensitivity Analysis 

4.4.1. Sensitivity Analysis of Design Parameters 

In order to further investigate the relationships between the design variables and the objectives, a 
sensitivity analysis was conducted. The results are shown in Figure 17. The analysis indicates a significant 
strong correlation between the number of wind turbines and the objective functions. The number of wind 
turbines is negatively correlated with LCC, demonstrating that increasing the number of turbines 
significantly reduces system costs. Concurrently, a strong negative correlation exists between the number 
of wind turbines and the RU. This is primarily attributed to the fact that an increased number of turbines 
leads to a higher proportion of excess electricity being sold back to the grid, which consequently reduces 
the system’s renewable energy self-sufficiency. This demonstrates the multifaceted effects of turbine 
quantity on system performance, necessitating comprehensive trade-offs between cost-effectiveness and 
dependence on the grid. 

 

Figure 17. Sensitivity analysis heatmap. 

Although PV area exhibits a relatively smaller impact on the objective function, it contributes 
positively to improving energy efficiency, particularly in enhancing the system’s green benefits. However, 
the installation of the PV panels is limited by the roof areas. Ice storage capacity shows a positive correlation 
with LCC, indicating a marginal increase in system lifecycle cost. Nevertheless, it plays an important role 
in boosting energy utilization efficiency by shifting system load. 
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Overall, the number of wind turbines exerts the most significant influence during optimization, 
significantly reducing the LCC of the system while enhancing energy utilization efficiency through 
improved RE accommodation, and elevating environmental quality via clean energy substitution. Other 
design variables—PV area, battery capacity, and ice storage capacity—demonstrate varying degrees of 
impact but remain essential contributors to the optimization process. 

Regarding inter-variable relationships, a weak positive correlation exists between the number of wind 
turbines and battery capacity. This means a potential complementary coordination may emerge during system 
scaling. For example, batteries could store extra wind power when it’s windy and supply power when the 
wind slows down. Conversely, a negative correlation between the number of wind turbines and ice storage 
capacity implies a possible competitive relationship in system design. For instance, with an increase in wind 
turbines, more renewable energy can be used to power the chillers. The requirement of ice storage is reduced. 
Furthermore, the positive correlation between ice storage capacity and LCC underscores its substantial 
contribution to economic burden. In contrast, battery capacity has a weaker impact on cost, indicating that 
battery energy storage has a comparative advantage over ice storage in terms of economic viability. 

4.4.2. Analysis of System Optimization Triggered by Ice Storage Cost 

With the continuous technology advancement and large-scale application of ice storage, the unit 
investment cost is expected to decline steadily. To prospectively evaluate the positive influence of this trend 
on future integrated energy systems, Figure 18 analyzes the critical role of ice storage unit cost in the 
optimal configuration of the system. 

 

Figure 18. Ice storage cost impact on system optimization. 

The results indicate that the decrease in the unit cost of the ice storage system not only significantly 
increases the installed capacity of the ice storage but also triggers an optimization effect on other 
components of the system. The battery capacity decreases from 9301 kWh to 8765 kWh, which is primarily 
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attributed to the fact that the ice storage system partially substitutes the “peak shaving” function of the 
battery by shifting cooling loads and reducing daytime electricity peaks, thereby economically reducing the 
demand for battery capacity. Furthermore, the capacity of renewable energy generation also increases 
accordingly. This is due to growing electricity demand for ice-making driven by expanded ice storage 
capacity, as well as the need to generate more power in real time to match daytime loads to compensate for 
the reduction in battery storage capacity. 

In terms of energy, the proportion of grid power supply significantly decreases from 28.9% to 15.3%. 
This reduction stems from the excellent peak shaving and valley filling capabilities of the ice storage system, 
synergizing with the increased RE capacity. This combination markedly reduces reliance on the grid during 
peak periods while promoting the integration of renewable energy. 

5. Conclusions 

This study proposes an IES incorporating PV, wind turbine, battery storage, ice storage, chillers, and the 
power grid. An improved MOPPO reinforcement learning algorithm is introduced to address the multi-objective 
optimization design problem for this system. The algorithm demonstrates suitability for multi-objective 
reinforcement learning problems. Its effectiveness is validated using standard test functions, and a comprehensive 
analysis of the system’s energy economics is conducted. Key findings are summarized as follows: 

(1) The superior performance of the improved MOPPO algorithm is validated on standard multi-objective 
test functions DTLZ2 and DTLZ5. The obtained Pareto fronts closely approximate the true Pareto 
fronts. When compared with multi-objective metaheuristic algorithms (MOPSO and MOSFO), 
MOPPO achieves significant reductions in IGD values of 20.8–64.0% on DTLZ2 and 41.2–75.3% on 
DTLZ5, indicating markedly improved solution accuracy and convergence. 

(2) The improved MOPPO is successfully applied to the optimal design of the IES. The TOPSIS method 
is used for decision-making, demonstrating that the optimal solution derived from MOPPO 
outperforms the MOPSO benchmark, achieving a 6.52% reduction in daily operating costs and a 9.54% 
improvement in the carbon dioxide emission reduction rate. 

(3) Analysis of daily operation across seasons indicates that the designed IES effectively balances the 
supply and demand. This is achieved through the synergistic operation of electrical and ice storage to 
enhance system flexibility and efficiency. Battery storage plays a crucial role in storing surplus 
renewable generation during peak production periods and discharging it to cover supply shortfalls. 
Simultaneously, the ice storage system significantly contributes to load management by shifting 
cooling demand from peak to off-peak hours, which effectively reduces daytime electrical loads and 
enhances the utilization of overnight excess renewable energy. This strategy not only flattens the daily 
load profile but also significantly increases the self-consumption of renewable energy. 

(4) This study further reveals that a 40% reduction in ice storage unit cost leads to a 6.3% increase in its 
stalled capacity and a corresponding 5.7% decrease in battery capacity, demonstrating a clear 
technological substitution effect. Meanwhile, grid dependence decreased significantly from 28.9% to 
15.3%, highlighting the system’s improved economic efficiency and renewable self-consumption 
capability. These findings underscore the importance of cost-effective ice storage in developing future 
low carbon buildings. 

It should be noted that while this study has taken into account factors such as equipment aging and 
operational maintenance costs, the modeling approach remains relatively simplified. In practical 
engineering applications, more refined and dynamic modeling analysis tailored to specific scenarios is 
required. Future work will focus on developing highly detailed models considering equipment performance 
degradation and energy price uncertainty. 
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Abbreviations 

Abbreviations 
IES Integrated energy system 
DESs Distributed energy systems 
ACO Ant Colony Optimization 
PV Photovoltaic 
SOC State of charge 
ESSs Energy storage systems 
PSO Particle Swarm Optimization 
RE Renewable energy 
ITES Ice thermal energy storage 
NSGA Non-dominated Sorting Genetic Algorithm 
LCC Lifecycle cost 
ICC Initial capital cost 
CDERR CO2 emission reduction rate 
RU Renewable energy utilization rate 
EMA Evolutionary Mating Algorithm 
DRL Deep Reinforcement Learning 
PPO Proximal Policy Optimization 
NPV Net present value 



Smart Energy Syst. Res. 2026, 2(3), 10009. doi:10.70322/sesr.2026.10009 31 of 33 

 

PF Pareto front 
LSTM Long Short-Term Memory 
Symbols 
Qc real-time cooling capacity 
Qe real-time condensing heat output 
Gw,c cooling water mass flow rate 
Gw,e chilled water mass flow rate 
Pc, Pe power consumption of the cooling water pump and the chilled water pump 
Pco real-time power consumption of the cooling tower 
Δt time duration for charge or discharge 
Pbat charge and discharge power 
Cbat battery capacity 
PLRn(t) partial load ratio of the n-th ice-making unit at time t 
Qn,cap rated cooling capacity of the n-th ice-making 
Qit total capacity of the ice tank 
H ice melting time 
Qm maximum ice melting capacity 
N life span of the system 
tr tax rate 
an annual maintenance and operational costs 
R number of equipment replacements over the system lifecycle 
NPV, NWT area of installed PV panels and number of wind turbines in the system 
NB/NICE capacity of the battery storage/ice storage tank 
𝐴௧෢ estimated advantage function at timestep t 
𝑟௧ሺ𝜃ሻ probability ratio between the new and old policies 
Greeks 
𝜂 The cooling capacity conversion efficiency 
𝛽 The percentage of melted ice relative to the total ice storage capacity. 
𝜖 clipping range to prevent excessively large policy updates. 
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