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Abstract

With the expansion of power grids, the increasing peak-valley load difference threatens
grid security, a challenge addressed by time-of-use pricing which incentivizes load shift-
ing. Since central air-conditioning systems account for over 60% of building energy use,
optimizing them for efficiency and cost under time-of-use pricing is crucial. This study
presents an integrated optimization framework that coordinates photovoltaic generation,
battery storage, and grid power. The approach develops a BES-LSTM forecasting model
by using the Bald Eagle Search (BES) algorithm to tune Long Short-Term Memory (LSTM)
network parameters for accurate cooling-load prediction. A central air-conditioning water-
system energy-minimization model is then formulated and solved with an improved BES
algorithm that incorporates adaptive opposition-based learning, logistic chaotic mapping,
and Lévy flight. Finally, a daily schedule is optimized by partitioning time according to
time-of-use price intervals and treating generation output, battery charge/discharge, and
grid draw as decision variables. Simulations demonstrate that the framework reduces the
central air-conditioning water system’s total energy consumption by an average of 28.7%
and lowers energy costs under time-of-use pricing by 22.38%, achieving both significant
energy savings and economic benefits.

Keywords: central air-conditioning water system; time-of-use pricing; photovoltaic and
energy storage coordination; improved bald eagle search algorithm; BES-LSTM

1. Introduction
In the context of the escalating global energy crisis, the imperative for energy conser-

vation has become a pivotal concern for societal advancement. The accelerating effects of
climate change due to global warming have resulted in a growing prevalence of central
air-conditioning systems (CACs). In the building sector, energy consumption accounts for
over 40% of total global energy use. CAC systems represent a significant component of
infrastructure for the regulation of indoor environmental factors, including temperature,
humidity, and air quality. These systems play a substantial role in the overall energy con-
sumption of buildings during their operational phase [1]. It is a well-established fact that
CAC systems generally comprise both water and air systems. The water system is typically
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the primary component of the system that consumes energy. The available data indicates
that this water system accounts for more than 60% of the total energy consumption of CAC
systems [2]. Consequently, the optimization of energy efficiency in CAC water systems
has emerged as a pivotal research objective, with the aim of ensuring minimal power
consumption while meeting load demands, thereby leading to a substantial reduction in
overall energy utilization.

CAC systems are frequently engineered to withstand peak loads; however, they pre-
dominantly function at non-peak loads throughout their operational lifespan. A salient
issue that emerges pertains to the persistent utilization of parameter configurations that
have been optimized for peak load conditions, even when the system operates under lower
loads. This phenomenon results in suboptimal efficiency and consequent energy dissipa-
tion. Consequently, the identification of the optimal parameters and system configurations
that minimize energy use and enhance operational efficiency under varying real-world load
conditions is a central focus in energy conservation research for CAC systems. Moreover,
as China’s demand for electricity continues to increase, the implementation of a static elec-
tricity pricing model results in imbalances within the pricing structure. This, in turn, leads
to long-term revenue losses for power enterprises and inefficiencies in social electricity
consumption [3]. The implementation of time-of-use pricing strategies has been identified
as a potential solution for mitigating grid load imbalances. Time-of-use pricing involves
the strategic shifting of consumption from peak to off-peak periods, thereby reducing the
demand for expensive grid capacity upgrades [4,5]. The implementation of a differential
pricing structure has been identified as a potential strategy to enhance the operational
efficiency of the CAC system. This approach is expected to result in a reduction in energy
expenditures, thereby mitigating supply–demand imbalances. The adoption of Demand
Response (DR) technologies is anticipated to play a pivotal role in this regard, as they
facilitate the optimization of energy utilization and the management of supply–demand
dynamics [6]. Advancements in photovoltaic power generation and energy storage tech-
nologies have further facilitated the optimization of energy utilization under time-of-use
pricing frameworks. The utilization of photovoltaic generation during daylight hours for
the purpose of charging energy storage devices, which are then discharged during noctur-
nal periods, has been demonstrated to enhance energy efficiency and reduce operational
costs [7,8]. Recent years have seen a notable increase in the implementation of renewable
energy generation integrated with storage systems within a time-of-use pricing structure
within the context of CAC systems [9,10].

The energy-saving optimization of CAC systems is predicated on the construction
of an accurate model of the CAC water system. A plethora of studies have previously
utilized an array of techniques, including the Harris Hawk-optimized Elman neural net-
work [11], temporal convolutional networks (TCNs) [12], and various machine learning
approaches [13–19]. However, these models frequently neglect to account for the character-
istics of each component within the system, thereby leading to a reduction in accuracy. This
study addresses this gap by combining nonlinear modelling techniques for load forecasting
and chiller units, while fitting simpler system components to historical operational data,
improving model accuracy.

Given the complex couplings and numerous operating parameters in air-conditioning
water systems, intelligent algorithms are widely used to search for optimal operating
settings. For instance, Liu Y et al. [20] refined PSO through various strategies for energy
consumption optimization. Other approaches include improved PSO-SSA and swarm
intelligence algorithms [21,22]. Tian H et al. [23] introduced a model-free Upper Confidence
Bound–Deep Q-Network (UCB-DQN) algorithm, enabling fast and precise parameter
tuning in a simulated environment. Siyuan Y et al. [14] proposed a parallel artificial immune
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system algorithm that combines exhaustive search, diversified initialization, immigrant
operators, and adaptive mutation to identify optimal parameter sets for energy-saving
operation.

Research on integrating renewable energy generation and energy storage technologies
to supplement power for central air-conditioning systems under peak-valley pricing mech-
anisms is also increasing. Rebelo F. W. D. et al.’s [8] experiments conducted in regions such
as South America (e.g., Brazil) demonstrated that applying photovoltaic technology in air-
conditioning systems can significantly reduce electricity consumption, while maintaining
operational stability even under high cooling loads. Similarly, Y. Li et al. [9] investigated the
actual operation of a grid-connected photovoltaic-powered central air-conditioning system
in an office building in Southern China. Their study confirmed that photovoltaic technology
not only lowers energy consumption but also ensures stable system performance. Tah
et al. [23] summarize the application of photovoltaic modules in buildings and conclude
that they hold greater potential for architectural integration. The authors also identify
current photovoltaic power generation efficiency and thermal utilization as key challenges
requiring resolution in building-integrated photovoltaics. Presently, replacing conven-
tional silicon wafers with high-performance materials represents a significant avenue for
enhancing the power generation efficiency of photovoltaic modules, as demonstrated by
Abid Ullah et al. [24]. Additionally, integrated building-integrated photovoltaics and solar
thermal technologies are becoming increasingly mature. Beyond considering photovoltaic
power generation efficiency and thermal insulation, ensuring adequate thermal conductiv-
ity in the solar thermal component is also critical. Current academic consensus holds that
the thermal conductivity of solar thermal materials is influenced by material composition.
However, Siqi Liu et al. [25] discovered through research that material inhomogeneity in
solar thermal components can similarly reduce thermal conductivity.

The present research suggests that operating central air-conditioning systems effi-
ciently under time-of-use pricing mechanisms requires a collaborative framework that
integrates photovoltaic power generation, energy storage and the grid. Clearly, both single-
energy and dual-energy models have limitations. Firstly, relying solely on the grid fails to
leverage price differentials fully. Secondly, a direct photovoltaic power supply struggles
to match load periods. Furthermore, standalone photovoltaic-storage systems are subject
to weather-related constraints and capacity limitations. However, by implementing ‘peak
shifting’ (energy storage arbitrage) and ‘source-load matching’, tripartite coordination can
simultaneously reduce operating costs, enhance power supply reliability and maximize
renewable energy utilization. This paper proposes a collaborative dispatch framework that
integrates load forecasting and intelligent optimization. This framework is then used to
determine the optimal economic operating strategy for complex systems.

2. Materials and Models
2.1. Problem Formulation

Conventional central air-conditioning water systems are characterized by elevated
energy consumption, inefficiency, and a significant reliance on the primary power grid.
The implementation of time-of-use pricing policies has been identified as a factor that
further complicates the management of operational costs and the scheduling of activities.
The integration of photovoltaic generation and energy storage has the potential to offer
significant benefits, but it must be noted that this integration also introduces a number
of operational challenges. Inadequate scheduling of these resources has the potential to
engender a diminution in energy efficiency and economic returns. The proposed system is
an enhancement to the existing infrastructure, integrating photovoltaic arrays and battery
storage with key water-side components, including chillers, pumps and cooling towers. A
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novel optimization model for power scheduling is hereby presented, encompassing load
forecasting, photovoltaic generation uncertainty, price fluctuations, and battery dynamics.
A schematic outline of the entire research framework is presented in Figure 1.
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Figure 1. Overall framework diagram.

For modeling the energy consumption of chiller units, a data-driven approach utilizes
Long Short-Term Memory (LSTM) neural networks to dynamically model the energy
consumption of chillers, primarily leveraging their exceptional capability to process long-
term dependencies within time series data. The cooling load and energy consumption of
central air-conditioning systems exhibit pronounced nonlinearity, temporal correlation, and
state dependency. The unique gating mechanism inherent to LSTM effectively captures such
dynamic temporal characteristics, thereby enabling accurate description and prediction of
system behavior. The overall methodology is illustrated in Figure 2. The models for other
components have been derived from historical data.

To address the high-dimensional, multimodal and constrained nature of central air-
conditioning system optimization problems, enhancements have been made to this algo-
rithm. It has been refined by incorporating adaptive adversarial learning to improve initial
solution quality, employing logical chaos mapping to maintain population diversity, and
integrating Levin flight to enhance global exploration capabilities. These enhancements
have significantly boosted the robustness and optimization performance of the algorithm
when tackling complex engineering challenges. The enhanced vulture search algorithm
has therefore been applied to load forecasting and parameter optimization.

Finally, incorporating peak-valley electricity pricing mechanisms sets the system
scheduling objective to minimize grid power purchase costs. Guided by the principle
of prioritizing photovoltaic utilization, battery charging and discharging behaviors are
rationally coordinated. This achieves energy savings in central air-conditioning water
system equipment, as well as peak shaving and valley filling in grid loads and the efficient
utilization of renewable energy. Consequently, the operational economics and energy
efficiency of the central air-conditioning system are enhanced comprehensively.
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Figure 2. Structural model of refrigerator based on LSTM.

2.2. Central Air-Conditioning Water System Model

The primary components of the central air-conditioning water system that are re-
sponsible for the highest levels of energy consumption are as follows: chillers, cooling
water pumps, chilled water pumps, and cooling towers. The establishment of a direct
correlation between system power consumption and operating parameters for the entire
air-conditioning water system introduces a complex dynamic, which complicates the repre-
sentation of inter-component relationships, and potentially results in model overfitting. The
present study proposes the development of individual models that establish a correlation
between power consumption and operating parameters for each component, including
chillers, chilled water pumps, cooling water pumps and cooling towers. The total energy
consumption of the air-conditioning water system is determined by summing the power
consumption from these four models.

2.2.1. Chiller Model

The chiller represents a pivotal element within the CAC system, with its energy
consumption exerting a substantial influence on the overall efficiency of the system. The
field of chiller modelling can be broadly categorized into two approaches: mechanism-
based and data-driven models. Mechanism-based models necessitate detailed equipment
parameters, whereas data-driven models rely on historical operational data.

The input variables for the chiller model are as follows:

Pchiller = f (Tchws, Tcws, Qch) (1)

where:
Pchiller: the output variable is the chiller energy consumption;
Tchws: the chilled water supply temperature;
Tcws: the cooling water inlet temperature;
Qch: the unit load.
In the context of a CAC system, where multiple chillers operate in parallel, the total

energy consumption of the chillers is the sum of the energy consumption of each individual
chiller. If there are N1 chillers in the CAC system, the energy consumption model of the
CAC chillers is as follows:

Ptchiller =
N1

∑
i=1

Pchiller,i (2)

where
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Ptchiller: the total power of the chillers;
N: the total number of chillers;
Pchiller,i: the power of the i-th chiller.

2.2.2. Chilled Water Pump Model

In configurations employing multiple chilled water pumps in parallel, the aggregate
pump energy consumption is calculated as the sum of the individual unit consumptions,
according to the following model:

Pchp = (a0 + a1n + a2n2 + a3n3)Pr−chp (3)

nchp = fchp/50 (4)

where
Pchp: the power of the chilled water pump;
Pr−chp: the rated power of the chilled water pump;
fchp: the frequency of the chilled water pump;
nchp: the ratio of the chilled water pump’s frequency to its rated frequency;
a0, a1, a2, a3: the undetermined coefficients of the model.
In configurations employing multiple chilled water pumps in parallel, the overall

chilled pump energy consumption is aggregated from the consumption of all individual
units, according to the following model:

Ptchp =
N2

∑
j=1

Pchp,j (5)

where
Ptchp: the total power of the chilled water pumps;
N2: the number of chilled water pumps;
Pchp,i: the power of the j-th chilled water pump.

2.2.3. Cooling Water Pump Model

In a similar manner, the energy consumption model of cooling water pumps can be
expressed in the form of a polynomial relation of frequency. The energy consumption
model for cooling water pumps is as follows:

Pcp = (b0 + b1n + b2n2 + b3n3)Pr−cp (6)

ncp = fcp/50 (7)

where
Pcp: the power of the cooling water pump;
Pr−cp: the rated power of the cooling water pump;
fcp: the frequency of the cooling water pump;
ncp: the ratio of the cooling water pump’s frequency to its rated frequency;
b0, b1, b2, b3: the undetermined coefficients of the model.
In configurations employing multiple cooling water pumps in parallel, the overall

cooling pump energy consumption is aggregated from the consumption of all individual
units, according to the following model:

Ptcp =
N3

∑
l=1

Pcp,l (8)
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where
Ptcp: total power of the cooling water pumps;
N3: the number of cooling water pumps;
Pcp,l : the power of the l-th cooling water pump.

2.2.4. Cooling Tower Model

The fan is the primary energy-consuming component in a cooling tower, and its energy
consumption can be calculated using a polynomial function of frequency [26]. The energy
consumption model of the cooling tower is as follows:

Ptower = (d0 + d1n + d2n2 + d3n3)Pr−tower (9)

ntower = ftower/50 (10)

where
Ptower: the power of the cooling tower;
Pr−tower: the rated power of the cooling tower;
ftower: the frequency of the cooling tower;
ntower: the ratio of the cooling tower’s frequency to its rated frequency;
d, d1, d2, d3: the undetermined coefficients of the model.
In configurations employing multiple cooling towers in parallel, the overall cooling

tower energy consumption is aggregated from the consumption of all individual units,
according to the following model:

Pttower =
N4

∑
k=1

Ptower,k (11)

where
Pttower: total power of cooling tower;
N4: the number of cooling tower;
Ptower,k: the power of the k-th cooling tower.

3. Methods
3.1. Bald Eagle Search Algorithm (BES)

The BES algorithm mimics the hunting behavior of bald eagles, and its process is
divided into three main stages:

(1) Search Space Selection

In the initialization phase, the algorithm defines the search space and targets regions
of highest potential (prey density). This process is mathematically expressed as follows:

Pi,new = Pbest + α ∗ γ(Pmean − Pi) (12)

where
α: the parameter controlling position change, ranging from 1.5 to 2;
β: a random number between 0 and 1;
Pbest: the current best position;
Pmean: the mean distribution position of bald eagles after the previous search;
Pi: the position of the i-th bald eagle.
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(2) Prey Search in the Search Space

In the search phase, the algorithm (bald eagle) performs an intensive exploration of
the selected region through diverse movement strategies to identify improved solutions.
The position update is governed by the following:

Pi,new = Pi + x(i) ∗ (Pi − Pmean) + y(i) ∗ (Pi − Pi+1) (13)

where
x(i): the bald eagle’s position in polar coordinates, ranging from −1 to 1;
y(i): the bald eagle’s position in polar coordinates, ranging from −1 to 1;
Pi+1: the next updated position of the i-th bald eagle.

(3) Swooping to Capture Prey

During the swooping phase, the bald eagle determines and executes the optimal
predation strategy. In this process, the algorithm evaluates and selects candidate solutions
based on specific evaluation metrics to identify the best solution. The position update
formula for the bald eagle is given as follows:

Pi,new = rand ∗ Pbest + x1(i) ∗ (Pi − c1 ∗ Pmean) + y1(i) ∗ (Pi − c2 ∗ Pbest) (14)

where
Pbest: the current best position;
Pmean: the mean distribution position of bald eagles after the previous search;
c1 and c2: the movement intensities of the bald eagle toward the best position, both

ranging from 1 to 2;
x1(i): the bald eagle’s position in polar coordinates, ranging from −1 to 1;
y1(i): the bald eagle’s position in polar coordinates, ranging from −1 to 1.

3.2. Improved Bald Eagle Search Algorithm (IBES)

The Bald Eagle Search (BES) algorithm has certain limitations in convergence speed
and local search capability. Below are the improvement strategies for the IBES algorithm
proposed in this paper.

(1) Initialization Based on Adaptive Opposition-Based Learning

An initialization update formula incorporating an adaptive opposition-based learning
strategy is proposed as follows:

Pi,new = Pi + β ∗ (Pbest − Pi) (15)

where β represents the learning rate, with a value set to 0.1.

(2) Updating Search Space Position Based on Logistic Map

The logistic map plays a significant role in the study of nonlinear systems, and its
equation is expressed as follows:

x(t + 1) = µx(t)(1 − x(t)) (16)

where
t: the t-th iteration;
µ: the control parameter which governs the evolution of the logistic map, the range is

1 ≤ µ ≤ 4. As µ increases, the range of the mapping sequence also expands, resulting in
a more uniform distribution. When µ = 4 the system enters a state of complete chaos, at
which point the uniformity of the distribution reaches its optimum.
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The improved update formula for the search space position is as follows:

Pi,new = Pbest + α ∗ γ ∗ Logistic ∗ (rand − 0.5) (17)

where
α: the parameter controlling position changes, ranging from 1.5 to 2;
γ: a random number between 0 and 1.

(3) Updating Prey Search Position Based on Lévy Flight

Levy flight is an important stochastic process that simulates long-distance jumps
during random walk, enabling more accurate description of certain complex phenomena.
Its expression is given as follows:

X(t + 1) = X(t) + ρ ⊗ Levy(λ) (18)

where
ρ: the stride scaling factor, ρ = 0.01(X(t)− Xb );
Xb: the current optimal solution.
The update formula for the prey position in the search space based on Lévy flight is

defined as follows:

Pi,new = Pi + x1(i) ∗ (Pi − Pmean) + yi ∗ (Pi − Pi+1) + ρ ⊗ Levy(λ) (19)

The enhanced BES algorithm initially implements an adaptive opposition-based learn-
ing strategy for initialization. Subsequently, a logistic mapping strategy is incorporated
during the search space selection phase, and finally a Levy flight strategy is integrated in
the prey search phase. These enhancements have been demonstrated to significantly in-
crease the probability of the algorithm obtaining the global optimal solution. The flowchart
illustrating the enhanced BES algorithm is presented in Figure 3.

(4) Test Results and Analysis

In order to provide a comprehensive evaluation of the performance of the proposed
IBES algorithm, seven benchmark functions with distinct characteristics were selected for
the purposes of a comparative experiment. It is evident that the functions in question
were all derived from the widely recognized benchmark set of the IEEE Computational
Intelligence Society (CIS) [27]. Five comparison algorithms were selected to evaluate the
performance of the IBES algorithm. These algorithms encompass both classical methods
and newer approaches proposed in recent years. Parameters were uniformly set for all five
algorithms: population size of 30 and maximum iteration count of 1000. Other parameter
settings are detailed in Table 1. The second table presents a comparison of the final optimal
values and variances of a range of algorithms. The results obtained for test functions F1–F4
demonstrate that the IBES algorithm attains optimization accuracy that is equivalent to
that of the original BES algorithm. Furthermore, both algorithms exhibit superior perfor-
mance in comparison to the PSO, DOA, WOA, and ALO algorithms. Furthermore, the
IBES algorithm has been demonstrated to exhibit accelerated convergence properties. In
summary, the IBES algorithm demonstrates a markedly superior performance profile. As
demonstrated in Table 2, the IBES algorithm is observed to achieve the highest level of
optimization accuracy among the range of algorithms that have been analyzed in this
study. The findings of this study demonstrate that the enhanced Bald Eagle Search algo-
rithm proposed herein exhibits superior performance in terms of optimization speed and
convergence accuracy when compared with alternative algorithms.

https://doi.org/10.3390/app16042145

https://doi.org/10.3390/app16042145


Appl. Sci. 2026, 16, 2145 10 of 33

Figure 3. Flowchart of IBES algorithm.The steps are as follows: initialisation according to Equation
(15); calculation of fitness values; update of space locations according to Equation (17); update of
search prey position according to Equation (19); update of swooping prey position according to
Equation (14). The loop continues until the iteration condition is satisfied, at which point the optimal
solution is output.

Table 1. Parameter settings.

Algorithm Parameter Settings

PSO C1 = 1.5; C2 = 2.0; w = 1
WOA the convergence factor a decreases from 2 to 0
ALO step scaling factor c = 1; normalization factor d = 1
DOA learning factor Cf = 2; step factor Sf = 2
BES step factor S = 2; random weight w = 0.5
IBES step factor S = 2; random weight w = 0.5

Beyond the question of accuracy in optimization, the computational cost of an al-
gorithm is a critical metric by which to assess its practicality, especially in the context of
real-time applications. In order to evaluate this, a runtime comparison was conducted on
a computer that was equipped with an Intel i5-8300H central processing unit and 8 GB
of random access memory. The mean runtime of each algorithm was compared across
30 independent runs on the benchmark functions F1–F7, under identical experimental
conditions. The results of the study are summarized in Table 3.

As demonstrated, the proposed IBES exhibits competitive computational efficiency.
The proposed method significantly outperforms PSO, DOA, and particularly ALO. In com-
parison with the original BES, IBES attains analogous or even reduced runtimes (particularly
on F3 and F7), whilst exhibiting enhanced accuracy. This suggests that the enhancements
made by us improve performance without resulting in additional computational overheads.
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Although the Whale Optimization Algorithm (WOA) demonstrates the shortest runtime, it
exhibits a significantly lower level of optimization accuracy on functions F1–F4, as illus-
trated in Table 2. Therefore, the results demonstrate that IBES offers a favorable trade-off
between convergence accuracy and computational cost, thus supporting its potential for
practical engineering optimizations.

Table 2. Benchmark function results comparison.

Function Judging Indicators IBES BES PSO DOA WOA ALO

F1
optimal mean 0 0 1.65 × 10−82 2.86 × 10−209 5.62 × 10−196 4.59 × 10−8

variance 0 0 7.89 × 10−163 0 0 9.19 × 10−18

F2
optimal mean 0 0 1.97 × 10−9 3.34 × 10−195 3.58 × 10−115 8.74

variance 0 0 6.58 × 10−18 0 <1 × 10−9 2.65 × 101

F3
optimal mean 0 0 3.40 × 10−4 0 3.65 × 103 5.53 × 101

variance 0 0 5.44 × 10−8 0 9.42 × 106 3.61 × 102

F4
optimal mean 0 0 6.90 × 10−3 1.80 × 10−98 5.63 × 101 4.63

variance 0 0 2.34 × 10−5 0 5.43 × 102 2.33 × 10−1

F5
optimal mean 3.46 × 10−7 2.68 × 101 2.12 × 101 2.89 × 101 2.59 × 101 2.81 × 101

variance 1.46 × 10−13 6.90 × 10−3 5.30 × 10−3 1.40 × 10−3 1.00 × 10−3 2.54 × 10−2

F6
optimal mean 1.40 × 10−31 7.57 × 10−13 1.02 × 10−1 3.54 3.38 × 10−4 3.80 × 10−8

variance 2.82 × 10−62 3.54 × 10−26 1.92 × 10−5 3.94 4.28 × 10−8 1.04 × 10−17

F7
optimal mean 1.60 × 10−6 2.98 × 10−5 5.30 × 10−3 1.02 × 10−5 1.10 × 10−3 3.33 × 10−2

variance 5.59 × 10−13 9.23 × 10−10 6.45 × 10−6 6.84 × 10−11 1.78 × 10−6 7.61 × 10−5

Note: All values are presented with 3 significant digits.

Table 3. Comparison of average running times of various algorithms on the benchmark function.

Algorithm F1 F2 F3 F4 F5 F6 F7

IBES 1.7499 s 1.7301 s 2.4849 s 1.6889 s 1.9127 s 1.7882 s 2.2131 s
BES 1.608 s 1.6566 s 3.3527 s 1.5454 s 1.7989 s 1.7139 s 2.5439 s
PSO 4.8417 s 4.8594 s 6.3709 s 4.5155 s 4.722 s 4.623 s 5.298 s
DOA 3.1848 s 1.4942 s 4.6441 s 2.1622 s 2.6067 s 2.3862 s 3.9873 s
WOA 0.7288 s 0.6984 s 2.5338 s 0.6834 s 0.9124 s 0.6597 s 1.6886 s
ALO 186.018 s 180.2175 s 198.6479 s 184.0569 s 183.5162 s 179.4635 s 181.4356 s

This paper proposes improvements to the BES algorithm aimed at systematically en-
hancing its global optimization performance, specifically including the following: (1) adap-
tive adversarial learning initialization to improve initial population quality and accelerate
convergence in the early stages; (2) chaotic perturbation based on the logistic map to en-
hance population diversity during the search process and effectively prevent premature
convergence; (3) integration of the Lévy flight strategy to grant the algorithm stronger
escape capabilities when trapped in local optima. These three improvements synergistically
enable the IBES algorithm to maintain robust local exploration capabilities while achieving
superior global exploration capabilities and robustness.

3.3. IBES-LSTM Load Forecasting Model

The LSTM network has been demonstrated to be an effective model for multivari-
ate nonlinear systems [28]. However, conventional LSTM models frequently depend on
manually configured parameters or empirical rules, which introduces subjective bias and
restricts model accuracy. In order to surmount this limitation, a proposal is put forward
for an IBES-LSTM load forecasting model. The model first applies the AK-means clus-
tering algorithm to process the input data, thus improving the quality of the dataset and
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enhancing the forecasting performance. Subsequently, the IBES algorithm optimizes the
LSTM parameters with a view to enhancing forecasting accuracy. The flowchart of this
model is shown in Figure 4, and the forecasting steps of the IBES-LSTM model are outlined
as follows:

 

Figure 4. Flowchart of the IBES-LSTM load forecasting model. Update the position and velocity of all
individuals using Equations (14), (17) and (19).

Step 1: Introduce a dynamic adjustment strategy for the K-value into the K-means
clustering algorithm to obtain the improved AK-means clustering algorithm.

Step 2: Preprocess the input data using the AK-means clustering algorithm.
Step 3: Normalize the processed data.
Step 4: Set initial parameters including population size and maximum number of

iterations and initialize the population.
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Step 5: Calculate the fitness function value of each individual and update the optimal
solution.

Step 6: Based on the current optimal solution, update the position and velocity of all
individuals using Equations (14), (17) and (19).

Step 7: Check whether the termination condition is met. If not, return to Step 5; if yes,
output the optimal solution.

Step 8: Optimize the LSTM network parameters using the optimal solution and train
the network with the training dataset.

Step 9: Use the trained network to perform load forecasting on the test dataset.
Step 10: Denormalize the data.
Step 11: Calculate the relevant evaluation metrics of the model.
To evaluate the accuracy of the forecasting model, five metrics are used: R2 (coefficient

of determination), RE (relative error), MAE (mean absolute error), MBE (mean bias error),
and RMSE (root mean square error).

R2 measures the goodness-of-fit, indicating the proportion of variance in the dependent
variable explained by the independent variables. Its value ranges from 0 to 1, with higher
values indicating a better fit.

RE quantifies the error magnitude between predicted and actual values relative to the
actual value, offering an intuitive measure of their difference.

MAE represents the average magnitude of prediction errors. A lower MAE indicates
smaller average absolute errors, reflecting higher forecasting accuracy.

MBE assesses the average bias in predictions. An MBE value near zero suggests
minimal systematic bias in the model.

RMSE calculates the square root of the average squared differences between predicted
and actual values. A smaller RMSE indicates greater predictive accuracy.

The calculation formulas for these metrics are as follows:

RE =
|ŷi − yi|
|yi|

∗ 100% (20)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (21)

MBE =
1
n

n

∑
i=1

(yi − ŷi) (22)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (23)

R2 = 1 − ∑(yi − ŷi)

∑(yi −
_
y)2

2
(24)

where
n: the sample size;
yi: the actual value;
ŷi: the predicted value.
In order to validate the effectiveness of the proposed IBES-LSTM model, experiments

were conducted using the same dataset [29]. Four distinct models—Backpropagation
(BP), Convolutional Neural Network (CNN), LSTM, and IBES-LSTM—were utilized to
predict the cooling load of the CAC system. The predicted values of each model were then
compared with the actual values. The IBES-LSTM model’s parameters are enumerated in
Table 4.
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In order to minimize potential randomness in the forecasting models, multiple experi-
ments were conducted for each network model, and the average results were compared to
assess the performance of each model. As illustrated in Table 5, a comparison of the mean
values of the key metrics employed for the evaluation of prediction accuracy is presented
across the models.

Table 4. Parameters of IBES-LSTM.

Project Parametric Retrieve a Value

parameterization

optimizer adam
initial learning rate 0.001

maximum number of iterations 500
learning rate decline factor 0.1

optimal parameter learning rate 0.023
number of neurons in the hidden layer 13

Table 5. Relevant indicators.

Relevant Indicators BP CNN LSTM IBES-LSTM

R2 0.6785 0.8446 0.9533 0.9832
RE 2.12% 1.58% 0.96% 0.46%

MAE 25.41 18.78 11.27 5.45
MBE −14.64 −4.89 1.67 −0.22

RMSE 40.05 27.84 15.25 9.15

Based on the comparison of R2, RE, MAE, MBE, and RMSE, the following conclusions
can be drawn:

The IBES-LSTM model has an R2 value of 0.9832, exceeding 0.9 and outperforming
other models, indicating high fitting accuracy.

In comparison to the BP and CNN models, the LSTM model demonstrates substantial
enhancements, with its RE being 1.16% and 0.62% lower than the BP and CNN networks,
respectively. Furthermore, its MAE, MBE, and RMSE are reduced by 14.14 kW, 12.97 kW,
and 12.21 kW and 12.59 kW, respectively. The findings indicate that the LSTM model
exhibits superior fitting capability in comparison to the other two models.

Following the optimization of the LSTM model’s parameters using the IBES algorithm,
the IBES-LSTM model demonstrates further enhancements in comparison to the standard
LSTM model. It is evident that there is a 0.5% decrease in RE, alongside a 5.82 kW reduction
in MAE, a 1.45 kW reduction in MBE, and a 6.1 kW drop in RMSE. The enhancements have
been demonstrated to engender superior prediction accuracy for the IBES-LSTM model in
comparison to the standard LSTM model.

Figure 5 presents a comparison of the relative errors for the various models. The
IBES-LSTM model has been shown to demonstrate a tendency to produce significantly
smaller relative errors in comparison to other forecasting models. As demonstrated in
Figure 6, the discrepancy between the predicted and actual values for the IBES-LSTM model
remains below 5%. This finding suggests that the IBES-LSTM model provides enhanced
prediction accuracy and more stable performance.
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Figure 5. Comparison of Relative Errors Among Different Models.

Figure 6. Relative error of the IBES-LSTM model.

3.4. Energy-Saving Regulation Strategy for CAC Systems Under Time-of-Use Electricity Pricing

The power grid utilizes a system of differential time-of-use electricity pricing, with
the purpose of guiding load shifting from periods of peak to valley filling. This process is
undertaken with the objective of achieving grid load optimization. The power consumption
of CAC systems accounts for a substantial proportion of total electricity consumption in
the grid. The potential for energy savings can be realized through the optimization of
their internal configuration. In the context of time-of-use electricity pricing, energy storage
devices have the capacity to be charged during periods of low pricing and subsequently
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discharged during periods of high pricing. This facilitates the regulation of operational
costs of CAC systems, whilst concurrently achieving energy-saving optimization.

3.4.1. Energy Consumption Optimization for CAC Systems

Parameters such as cooling water flow rate, chilled water flow rate, chilled water return
temperature, and cooling water inlet temperature are selected as the decision variables
for optimization.

(1) Objective Function

The optimization of the water system aims to minimize energy consumption while
satisfying the air-conditioning load requirements. The objective function can be specifically
expressed as follows:

min Ptotal = min
(

Pchiller + Pchp + Pcp + Ptower

)
(25)

where Ptotal denotes the total energy consumption of the chiller unit.

(2) Constraint Conditions

To ensure the safe and stable operation of the CAC water system, all components of
the CAC water system must operate within their specified working limits during operation.
Based on the equipment characteristics of the CAC water system, the optimization process
must satisfy the following constraints:

a. Chiller constraints

Tchws,min ≤ Tchws ≤ Tchws,max (26)

Tcws,min ≤ Tcws ≤ Tcws,max (27)

Tcwr,min ≤ Tcwr ≤ Tcwr,max (28)

Qch,min ≤ Qch ≤ Qch,max (29)

where
Tchws,mim, Tchws,max: the minimum and maximum flow rates of the chilled water pump;
Tcws,min, Tcws,max: the lower and upper limits of the chilled water pump frequency;
Tcwt,min, Tcwt,max: the minimum and maximum flow rates of the cooling water pump;
Qch,min, Qch,min: the allowable operating frequency range of the cooling water pump.

b. Chilled Water Pump and Cooling Water Pump Constraints

fchp,min ≤ fchp ≤ fchp,max (30)

fcp,min ≤ fcp ≤ fcp,max (31)

where
f chp,min, f chp,max: the lower and upper limits of the chilled water pump frequency;
f cp,min, f cp,max: the lower and upper limits of the cooling water pump frequency.

c. Cooling Tower Constraints

ftower,min ≤ ftower ≤ ftower,max (32)

where f tower,min, f tower,max represent the lower and upper limits of the cooling tower
frequency.
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d. Load Constraints

The cooling demand for the next time period is predicted, and the cooling output is
adjusted according to the forecasted value. The constraint is formulated as follows:

Qch × (Tchwr − Tchws)× C = Ppre (33)

where Ppre represent the predicted cooling load.

3.4.2. Energy-Saving Optimization Strategy for CAC Systems Under Time-of-Use
Electricity Pricing

The fundamental principle of the energy-saving optimization strategy for CAC sys-
tems under time-of-use electricity pricing is to maximize the discharge from photovoltaic
modules and energy storage batteries while minimizing grid power.

The consumption is determined by the pre-established electricity demand of the CAC
system. The specific steps are outlined below:

Step 1: Determine the optimal energy consumption using the CAC system’s energy
optimization model.

Step 2: Use the optimal energy consumption values from Step 1, calculated for different
time periods, as the power demand on the load side. Optimize the system with the
following variables: power supplied by the grid, photovoltaic modules, and energy storage
batteries, along with the duration of each power supply.

Step 3: Configure the output of the photovoltaic modules and the charging/discharging
schedules of the energy storage batteries according to the optimal power values and their
respective duration for grid, photovoltaic, and battery supply as determined in Step 2.

As previously discussed, under time-of-use electricity pricing and with the integration
of photovoltaic modules and energy storage batteries, the energy-saving optimization
strategy for the CAC system primarily involves optimizing the power output and supply
duration from these sources. The formulation of the objective function and constraints is
therefore as follows:

(1) Objective Function
The conventional grid-only power supply mode is predicated on reliance on the grid,

thus failing to capitalize on renewable energy sources and giving rise to high electricity costs
during peak periods. Conversely, the photovoltaic and energy storage synergy collaboration
mode prioritizes the utilization of photovoltaic power generation, thereby ensuring the
satisfaction of load demand. In addition, the system optimizes energy distribution through
the implementation of battery charging and discharging strategies. This, in turn, has
the effect of reducing electricity costs and achieving peak shaving and valley filling. The
approach entails the strategic management of photovoltaic utilization and battery operation
across diverse electricity pricing periods. This strategy serves to minimize grid power
purchases during periods of peak demand, while concurrently preventing the undesirable
outcomes of battery overcharging or over-discharging. The efficacy of this approach
is evidenced by its ability to ensure both system economy and reliability. Therefore,
the objective function is formulated to minimize electricity purchase costs, based on the
optimized power requirements of the air-conditioning system, as follows:

min C =
T

∑
t=1

Pgrid(t)·λ(t)·∆t (34)

where
Pgrid(t): the power supply at time t;
λ(t): the duration of the Pgrid(t) power supply;
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∆t: the unit time.
(2) Constraints

a. Load Power Balance Constraint

To ensure normal power supply to the load, the system power must satisfy the follow-
ing relationship:

Ppv−used(t) + Pdis(t) + Pgrid(t) = Pchiller + Pchp + Pcp + Ptower + Ppv−chg(t) (35)

where
Ppv−used(t): the power directly supplied by photovoltaics at time t which is influenced

by solar irradiancer;
Pdis(t): the power supplied by battery discharge at time t.
Pgrid(t): the power supply at time t;
Ppv−chg(t): the power used to charge the battery at time t;

b. Photovoltaic Power Constraints

0 ≤ Ppv−used(t) ≤ Ppv(t) (36)

0 ≤ Ppv−chg(t) ≤ Ppv(t)− Ppv−used(t) (37)

where
Ppv(t): the maximum available power from photovoltaic generation at time t;
Ppv−chg(t): the power used to charge the battery at time t.

c. Battery Charging/Discharging Constraints

0 ≤ Pdis(t) ≤ Pbat−max (38)

0 ≤ Pchg(t) ≤ Pbat−max (39)

where
Pchg(t): the battery charging power at time t;
Pbat−max(t): the maximum charging/discharging power of the battery.

d. Battery State of Charge (SOC) Constraints

SOCmin ≤ SOC(t) ≤ SOCmax (40)

where
SOC(t): the State of Charge of the battery at time t;
SOCmin and SOCmax: the minimum and maximum allowable states of charge,

respectively.

e. Grid Power Purchase Constraints

0 ≤ Pgrid(t) ≤ Pgrid−max (41)

where Pgrid−max represent the maximum allowable grid power purchase, which may be
determined by grid agreements or line capacity.

4. Experimental Verification and Analysis
A case study was conducted on the CAC water system of a hotel in a southern Chinese

city. The system specifications are as follows: the chiller has a rated cooling capacity of
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1974 kW and a rated power of 840 kW; both the chilled water pump and cooling water
pump have a rated power of 14 kW; and the cooling tower has a rated power of 24 kW.

4.1. Energy Consumption Optimization Experiment Analysis

In order to validate the energy-saving effect of the optimized system, the optimized
energy consumption of the CAC water system was compared with its actual historical
energy consumption data. The selected historical outdoor weather conditions are presented
in Figure 7. As illustrated in Figure 8, the energy consumption of individual components
and the total system consumption are displayed under different operating conditions prior
to optimization. As demonstrated in Figure 8, the chiller unit constitutes the primary
component of the system responsible for energy consumption, representing the largest pro-
portion of electricity usage. Conversely, the energy consumption of the chilled water pump,
cooling water pump, and cooling tower is comparatively low, contributing marginally to
the overall energy use. The variation in chiller energy consumption closely follows the
trend in total system energy consumption.

Figure 7. Outdoor weather conditions.

In order to mitigate the impact of algorithmic randomness, 30 independent trials were
conducted for each operating condition, and the optimization results were subsequently
averaged. The IBES algorithm was compared with the PSO algorithm, the standard BES
algorithm, and the hybrid strategy improved Whale Optimization Algorithm (MSWOA)
from reference [26] for the optimization of energy consumption under various operating
conditions. The parameter settings for the algorithms are provided in Table 6, and the
comparative optimization results for the four algorithms are shown in Table 7, where the
bolded values represent the results optimized by the IBES algorithm.

As demonstrated in Table 7, all four algorithms attained reductions in energy consump-
tion in comparison to the actual energy usage. However, the IBES algorithm demonstrated
a superior capacity for optimization. In comparison with the PSO algorithm, the IBES
algorithm has been shown to achieve additional energy savings ranging from 0.84 kW to
10.79 kW across a range of operating conditions. When evaluated in comparison with the
MSWOA algorithm, the IBES algorithm yielded supplementary energy savings ranging
from 0.23 kW to 10.68 kW. In a similar vein, the IBES algorithm was found to engender
further energy savings ranging from 0.26 kW to 4.37 kW when compared to the standard
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BES algorithm. The findings of this study demonstrate that the IBES algorithm delivers the
most effective energy-saving performance.

Figure 8. Energy consumption breakdown by component before optimization.

Table 6. Algorithm parameter settings.

Algorithm Parameter Settings

PSO C1 = 1.5; C2 = 2.0; w = 1
MSWOA the convergence factor a decreases from 2 to 0

BES step factor S = 2; random weight w = 0.5
IBES step factor S = 2; random weight w = 0.5

The optimization model for central air-conditioning systems exhibits high-dimensional,
nonlinear, and nonconvex characteristics, leading to multiple local optima for the objective
function. The discrepancies in the “optimal” results obtained by different algorithms in
Table 7 stem precisely from this—each algorithm converges to the local optimum accessible
along its search path. The proposed IBES algorithm enhances global exploration capabilities
by incorporating strategies such as Levy flight. This enables it to more effectively escape
local optima and converge toward regions with lower costs, demonstrating its superiority
over other algorithms.

In order to validate the reduction in optimized system energy consumption, the
optimized energy consumption of each component under different operating conditions is
compared with the actual energy consumption, as illustrated in Figure 9. As demonstrated
in Figure 9a, the energy consumption of the chiller units following optimization has been
reduced across a range of operating conditions, signifying a substantial enhancement
in energy efficiency for the chillers. As illustrated in Figure 9b,c, the chilled water and
cooling water pumps function at a minimal frequency during nocturnal hours. This leads
to negligible alterations in their energy consumption, both prior to and following the
implementation of optimization strategies. However, during the daytime, their optimized
energy consumption is notably lower than before, and the energy consumption variation
trend remains relatively stable, with no significant fluctuations, promoting stable pump
operation. With regard to Figure 9d, it is evident that the energy consumption of the
cooling towers following optimization exceeds that which was previously observed under
specific operating conditions. However, given that cooling towers account for a negligible
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proportion of total energy consumption, and in consideration of the data presented in
Table 7, it can be deduced that the overall energy consumption of the CAC water system
persists in demonstrating a downward trend.

Table 7. Comparison of energy consumption between PSO, MSWOA, BES, and IBES algorithms.

Working
Condition

Total Energy
Consumption
Before Opti-
mization/kW

PSO Algorithm
Optimization

/kW

MSWOA
Algorithm

Optimization
/kW

ES Algorithm
Optimization

/kW

IBES Algorithm
Optimiza-
tion/kW

1 50.95 46.34 48.36 46.68 44.59
2 51.76 49.36 47.85 46.53 45.89
3 52.14 48.08 49.4 46.95 43.71
4 52.51 50.94 51.67 49.71 48.62
5 52.81 51.98 52.06 50.91 48.49
6 71.71 69.16 70.45 69.3 67.95
7 95.19 79.88 81.84 76.02 73.16
8 97.57 85.54 90.13 83.5 79.45
9 136.78 124.03 116.73 115.7 113.24

10 148.12 121.17 123.68 119.11 117.57
11 145.95 124.89 122.43 122.86 118.76
12 158.27 126.43 127.51 126.39 125.59
13 193.63 129.57 128.2 128.55 127.52
14 201.82 131.84 128.16 127.64 125
15 210.37 133.73 131.66 131.81 129.31
16 223.52 134.51 133.2 133.23 132.97
17 214.46 139.17 136.63 137.43 135.36
18 201.18 131.78 130.17 129.89 126.42
19 181.63 129.8 128.73 128.85 127.66
20 161.82 127.19 127.11 127.17 125.41
21 130.97 124.66 121.82 120.66 116.29
22 108.81 101.04 98.73 95.71 92.24
23 88.03 71.7 70.5 68.49 64.81
24 65.33 60.8 63.36 60.34 59.22

As illustrated in Table 8, the data indicates the percentage reduction in total energy
consumption following optimization across a range of operating conditions. As demon-
strated in Table 8, the optimized energy consumption of the water system is reduced under
all operating conditions. During nocturnal hours, the discrepancy between the energy
consumption of the optimized and pre-optimized systems is relatively negligible, although
a decline is nevertheless evident. Conversely, during daylight hours, when energy demand
typically rises, the optimized energy consumption exhibits a substantial decline. The over-
all evaluation of the water system indicates an average energy reduction of 26.04%, as
determined by the comparison of total energy consumption metrics prior to and following
the implementation of optimization strategies.

As illustrated in Figure 10, a comparison is made between the total energy consump-
tion of the CAC water system before and after optimization. The findings consistently
demonstrate a reduction in energy consumption following optimization. The findings indi-
cate that the integration of load forecasting with the IBES algorithm leads to a substantial
reduction in the overall operational energy consumption of the CAC water system, thereby
providing considerable energy-saving benefits. Consequently, this research method has
been proven to be highly effective in enhancing the energy efficiency of CAC water systems.
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(a) (b) 

(c) (d) 

Figure 9. Comparative analysis of energy consumption optimization by component: (a) compar-
ison of chiller energy consumption; (b) comparison of chilled water pump energy consumption;
(c) comparison of cooling water pump energy consumption; (d) comparison of cooling tower en-
ergy consumption.

Table 8. Performance of energy consumption optimization under various conditions.

Working
Condition

Total Energy
Consumption Before

Optimization/kW

Total Energy
Consumption After
Optimization/kW

Percentages

1 50.95 44.59 12.57%
2 51.76 45.89 11.34%
3 52.14 43.71 16.16%
4 52.51 48.62 8.09%
5 52.81 48.49 8.18%
6 71.71 67.95 5.24%
7 95.19 73.16 23.14%
8 97.57 79.45 18.57%
9 136.78 113.24 17.21%
10 148.12 117.57 20.62%
11 145.95 118.76 18.63%
12 158.27 125.59 20.65%
13 193.63 127.52 34.14%
14 201.82 125 38.06%
15 210.37 129.31 38.53%
16 223.52 132.97 40.51%
17 214.46 135.36 36.88%
18 201.18 126.42 37.16%
19 181.63 127.66 29.71%
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Table 8. Cont.

Working
Condition

Total Energy
Consumption Before

Optimization/kW

Total Energy
Consumption After
Optimization/kW

Percentages

20 161.82 125.41 22.5%
21 130.97 116.29 11.21%
22 108.81 92.24 15.22%
23 88.03 64.81 26.37%
24 65.33 59.22 9.35%

Total energy use 3095.33 2289.23 26.04%

Figure 10. Comparison of total energy consumption.

4.2. Energy Consumption Optimization Considering Time-of-Use Electricity Pricing

It is evident that energy optimization, in isolation, is incapable of achieving a complete
reduction in operational costs. This is primarily due to the time-of-use electricity pricing
mechanism of the power grid, which engenders substantial variations in electricity costs for
equivalent energy consumption across diverse periods. Consequently, this study proposes a
novel time-of-use electricity pricing optimization strategy. A model of energy consumption
has been developed, with a particular focus on the chiller, chilled water pump, cooling
water pump, and cooling tower. In conjunction with this model, a load distribution strategy
has been formulated, based on time-of-use electricity pricing. The strategy integrates
photovoltaic power generation, battery scheduling, and grid and air-conditioning power
management with the objective of achieving peak shaving, valley filling, reducing grid
power purchases during high-price periods, and enabling cost-effective operation of the
CAC system. The specific steps are outlined below:

First, the CAC water system with optimized energy consumption is powered by a
combination of photovoltaic generation, battery storage, and grid power.

Second, the power supply structure is adjusted according to the grid’s time-of-use
pricing: during low-price periods, the grid charges the battery; during high-price periods,
photovoltaic power and battery discharge are prioritized to minimize grid power purchases.

Finally, based on the power dispatch results, the low-cost operation of the CAC water
system is achieved.
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4.2.1. Data Configuration

The photovoltaic power generation data utilized in this study were obtained from the
Global Solar Atlas platform [30]. Utilizing local meteorological data and the physical pa-
rameters of photovoltaic modules, this platform employs a photovoltaic power forecasting
model to simulate and calculate power generation output across different time periods,
with the average hourly generation presented in Table 9. The data obtained are then utilized
to assess the power generation capacity of the photovoltaic system under various weather
conditions, serving as input for photovoltaic-battery dispatch optimization. This approach
is adopted to ensure the reliability and practical applicability of the research findings.

Table 9. Average hourly photovoltaic power generation. Total photovoltaic power generation [kWh].

Times Jan Feb Mar Apr May June Jul Aug Sep Oct Nov Dec

0–1 0 0 0 0 0 0 0 0 0 0 0 0
1–2 0 0 0 0 0 0 0 0 0 0 0 0
2–3 0 0 0 0 0 0 0 0 0 0 0 0
3–4 0 0 0 0 0 0 0 0 0 0 0 0
4–5 0 0 0 0 0 0 0 0 0 0 0 0
5–6 0 0 0 0 0.07 0.23 0.02 0 0 0 0 0
6–7 0 0 0.03 1.35 3.68 4.34 3.45 2.22 0.73 0.14 0 0
7–8 0.32 0.97 4.34 9.07 11.75 11.97 11.77 11.25 8.51 6.73 3.53 0.66
8–9 8.11 9.57 14.14 18.96 21.4 20.42 22.02 23.43 19.08 18.21 15.34 11.64
9–10 18.79 19.25 24.52 29.44 31.03 29.39 32.46 34.74 29.31 28.78 26.3 24.02

10–11 27.65 27.7 33.5 37.78 38.32 36.54 39.8 43.02 37.91 36.42 34.74 33.73
11–12 33.52 33.39 39.31 42.26 42.01 40.11 44.07 46.85 42.62 41.25 39.7 39.09
12–13 35.4 34.93 41.82 42.95 41.75 40.77 45.56 47.59 42.76 41.6 39.67 40.21
13–14 34.24 34.41 39.9 40.97 39.4 39.37 44.92 46.2 40.85 38.65 36.25 37.8
14–15 29.27 30.44 34.55 35.44 34.3 34.54 40.65 41 34.79 32.02 29.2 31.17
15–16 20.71 22.95 25.66 26.61 26.36 26.94 32.8 32.47 25.63 22.37 19.48 21.02
16–17 10.61 13.11 15.17 16.62 16.94 18.07 22.49 21.38 15.12 11.19 7.76 8.16
17–18 0.99 3.29 5.75 7.36 8.43 9.47 12.04 10.65 5.47 1.37 0.22 0.15
18–19 0 0 0.27 1.07 2.04 3.19 3.93 2.31 0.16 0 0 0
19–20 0 0 0 0 0 0.14 0.18 0 0 0 0 0
20–21 0 0 0 0 0 0 0 0 0 0 0 0
21–22 0 0 0 0 0 0 0 0 0 0 0 0
22–23 0 0 0 0 0 0 0 0 0 0 0 0
23–24 0 0 0 0 0 0 0 0 0 0 0 0

The time-of-use pricing data presented in this study were obtained from the actual tar-
iff policy published by the municipal power utility department. The data set encompasses
electricity tariffs designated for peak, flat, and valley periods, with the precise standards
delineated in Table 10. The configuration of battery data is summarized in Table 11.

Table 10. Time-of-use electricity price floating ratios.

Heights Level Ground Trough

work shift 8:00–11:00
13:00–17:00 17:00–24:00 0:00–8:00

11:00–13:00
tariff float ratio Increase 50% 0.8 Yuan/kWh downward fluctuation 80%
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Table 11. Battery system configuration.

Capacity
(kWh)

Maximum
Charging

Power (kW)

Minimum
Charging

Power (kW)

Charge and
Discharge
Efficiency

accumulators 200 40 40 0.95

4.2.2. Simulation Results and Analysis

The conventional grid-only power supply mode is predicated on the utilization of
the grid for uninterrupted operation, thereby ensuring the stable functioning of the CAC
system. However, the overall operating cost is relatively high due to the impact of elevated
electricity prices during peak periods. Recent progressions in novel energy technologies
have engendered the integration of photovoltaic power generation and energy storage
systems, thereby presenting novel opportunities for the reduction of electricity costs. The
proposed strategy is an optimization strategy that incorporates time-of-use electricity
pricing, with the aim of enabling the CAC system to operate in a cost-effective manner. A
comparative experiment was designed to assess the impact of photovoltaic power, energy
storage, and the time-of-use electricity pricing optimization strategy on the electricity
consumption of the CAC system.

(1) Grid-Only Power Supply Mode: The air-conditioning load is entirely supplied by the
grid, without considering the contribution of photovoltaic generation or the energy
storage system.

(2) Photovoltaic and Energy Storage Collaboration Mode: The utilization of photovoltaic
power generation is prioritized. The energy storage system is dispatched according to
time-of-use electricity pricing, with charging occurring during off-peak periods and
discharging during peak periods. This reduces electricity purchases during high-price
hours, thereby lowering overall electricity costs.

(3) As illustrated in Figure 11, an analysis of power supply–demand and energy storage
dispatch is presented, comparing the grid power purchases under the grid-only mode
and the photovoltaic-storage coordinated mode. It is important to note that the
horizontal axis represents hours 1–24, corresponding to the time range 0:00–23:00,
and the analysis is based on this 24 h period. Table 12 provides details of the power
supply–demand and energy storage dispatch changes.

As demonstrated in Figure 11, an analysis of the grid power purchase reveals that
during the early morning hours (0–2 h, 7–8 h, and 11–13 h), the grid power purchase
under the photovoltaic-storage collaboration mode exceeds that of the grid-only mode.
As demonstrated in Table 11, during these periods, the grid power purchases in the
photovoltaic-storage collaboration mode are 84.95 kW, 71.51 kW, 130.65 kW, and 133.1 kW,
respectively, compared to 44.59 kW, 45.89 kW, 125.59 kW, and 127.52 kW in the grid-only
mode. This is due to the fact that these periods correspond to off-peak hours in the
Time-of-use electricity pricing mechanism. During these hours, the photovoltaic-storage
collaboration mode utilizes the lower electricity prices to charge the battery. As illustrated
in Table 12, the charging power during these intervals is 40 kW, 25.26 kW, 40 kW, and 40 kW,
respectively.
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Figure 11. Analysis of power supply–demand, photovoltaic and energy storage dispatching.

During peak pricing hours (8–11 h and 13–17 h), both the battery and photovoltaic
generation collaborate to supply power to the system, thereby reducing grid power pur-
chases during these periods of high price. Consequently, the grid power purchase under the
photovoltaic and energy storage collaboration mode is lower than that under the grid-only
mode. As demonstrated in Table 12, during peak hours, the grid power purchase in the
photovoltaic and energy storage collaboration mode is reduced by 59.25 kW, 59.9 kW,
33.4 kW, 60.44 kW, 62.95 kW, 53.11 kW, and 43.3 kW, respectively.

In grid-only mode, the purchase of power by the grid is contingent exclusively on the
demand for air-conditioning, resulting in elevated power purchases during periods of peak
demand and, consequently, increased electricity costs. Conversely, under the photovoltaic
and energy storage collaboration mode, photovoltaic generation provides a proportion of
the power during daylight hours, particularly around midday when solar power output is
at its zenith, thereby reducing the reliance on grid power.

The present study proposes an optimization of the coordinated dispatch of the CAC
water system load, photovoltaic power generation, and energy storage systems. The
objective of this optimization is to minimize grid electricity purchase costs. The study
draws parallels between grid power purchase, photovoltaic generation, and energy storage
(battery) charging/discharging behaviors. As illustrated in Figure 12, the power dispatch
curve is displayed under the photovoltaic and energy storage collaboration mode.

As demonstrated in Figure 13, the photovoltaic and energy storage collaboration mode
has been shown to lead to a substantial reduction in grid power purchases, particularly
during peak periods when high-cost electricity demand is curtailed. During peak hours,
photovoltaic generation and battery discharge supply a portion of the required power,
thereby reducing dependence on grid electricity and lowering overall electricity costs. It is
evident that the employment of a rational charging/discharging strategy is instrumental
in the optimization of electricity costs by the energy storage system. This is achieved
through the strategic timing of charging during periods of low prices and discharging
during periods of high prices.
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Table 12. Variations in power supply–demand, photovoltaic and energy storage dispatching.

Times
Pure Grid
Purchased
Power/kW

Photovoltaic Storage
Synergistic Grid

Power Purchase/kW

Photovoltaic
Power

Generation/kW

Battery
Discharge/kW

Battery
Charging/kW

0–1 44.59 84.95 0 0 40
1–2 45.89 71.15 0 0 25.26
2–3 43.71 43.71 0 0 0
3–4 48.62 48.62 0 0 0
4–5 48.49 48.49 0 0 0
5–6 67.95 67.95 0 0 0
6–7 73.16 72.19 0.97 0 0
7–8 79.45 109.88 9.57 0 40
8–9 113.24 53.99 19.25 40 0

9–10 117.57 57.67 27.7 32.2 0
10–11 118.76 85.36 33.39 0 0
11–12 125.59 130.65 34.93 0 40
12–13 127.52 133.1 34.41 0 40
13–14 125 64.56 30.44 30 0
14–15 129.31 66.36 22.95 40 0
15–16 132.97 79.86 13.11 40 0
16–17 135.36 92.06 3.29 40 0
17–18 126.42 86.42 0 40 0
18–19 127.66 127.65 0 0 0
19–20 125.41 125.41 0 0 0
20–21 116.29 116.29 0 0 0
21–22 92.24 92.24 0 0 0
22–23 64.81 64.81 0 0 0
23–24 59.22 59.22 0 0 0

Figure 12. Comparison of hourly electricity costs.
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Figure 13. Power dispatch curve under photovoltaic and energy storage collaboration mode.

As demonstrated in Figure 14, the photovoltaic and energy storage collaboration
mode exhibits a reduced grid power purchase demand during peak hours in comparison
with the grid-only mode. As illustrated in Table 13, a comparison is made of the grid
power purchased during peak electricity price periods under both operational modes.
As demonstrated, the grid power purchase in the grid-only mode is 998.61 kW, whereas
in the photovoltaic and energy storage collaboration mode, it is reduced to 586.28 kW,
representing a decrease of 412.33 kW, or 41.29%. The coordinated management of pho-
tovoltaic generation and the energy storage system has been demonstrated to result in a
substantial reduction in grid power purchase during peak periods. This demonstrates that
the photovoltaic and energy storage collaboration mode effectively mitigates power load
fluctuations, optimizes electricity costs, and enhances both the economic performance and
energy utilization efficiency of the system.

Figure 12 compares the hourly electricity costs for the grid-only system and the
photovoltaic-energy storage collaboration system over a 24 h period. During daylight
hours, when photovoltaic generation is available, the electricity cost in the collaboration
mode is lower than in the grid-only mode. This is because photovoltaic generation partially
meets demand, and the energy storage system discharges stored energy, reducing reliance
on grid power. In the absence of solar power during nocturnal hours, the demand for
electricity must be met by the grid, which results in increased costs for consumers. However,
due to reduced demand during nocturnal hours, the aggregate electricity cost incurred
under the collaboration mode remains lower than that of the grid-only mode.

As demonstrated in Table 14, a comparison of the total electricity costs reveals that the
grid-only mode incurs a total cost of 2349.62 yuan, whereas the collaboration mode results in
a cost of 1823.55 yuan. This represents a reduction of 526.07 yuan, or 22.38%, demonstrating
significant savings during periods of high prices and improved economic efficiency.
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Figure 14. Power purchases during peak hours.

Table 13. Comparison of power purchases during peak hours.

Power Mode Peak Power Purchase
Power/kW

Change in
Purchased Power Rate of Change

pure grid power 998.61 - -
photovoltaic

storage synergy 586.28 ↓ 412.33 −41.29%

Note: The arrow (↓) indicates a decrease of 412.33 kW in photovoltaic storage synergy compared to pure grid.

Table 14. Comparison of electricity purchase costs.

Power Mode Total Electricity
Purchase Cost ($) Cost Changes Rate of Change

pure grid power 2349.62 - -
photovoltaic

storage synergy 1823.55 ↓ 526.07 −22.38%

Note: The arrow (↓) indicates a decrease of 526.07 $ in photovoltaic storage synergy compared to pure grid.

5. Discussion
This chapter will conduct an in-depth analysis of the primary findings, elucidate their

underlying mechanisms, and evaluate the study’s contributions and limitations.

5.1. Interpretation of Key Findings

Algorithmic Advantage Mechanism: The IBES algorithm demonstrates superior per-
formance in benchmark testing and engineering optimization, owing to the synergistic
effects of three enhancements: Adaptive Adversarial Learning improves the quality of the
initial population, the logistic chaotic map maintains search diversity and prevents pre-
mature convergence, while Lévy Flight enhances global exploration capabilities. Together,
these enhancements boost the algorithm’s robustness when tackling high-dimensional and
nonlinear problems.

Following system energy trade-off optimization, total energy consumption decreases,
yet cooling tower energy consumption increases under certain operating conditions. This
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reveals an inherent trade-off in system-level optimization: to achieve significant reduc-
tions in chiller energy consumption, the algorithm strategically increases cooling tower
operation intensity to overcome heat dissipation constraints, thereby attaining global
optimization. This phenomenon aligns with the principles of energy conservation and
equipment coupling.

Economic Dispatch Logic: The economic viability of the “photovoltaic-Storage-Grid”
collaborative framework stems from intelligent response to time-of-use electricity pricing.
Its optimization follows an economic priority sequence: prioritizing photovoltaic consump-
tion, charging during off-peak hours and discharging during peak hours to achieve storage
arbitrage, while utilizing the grid as a balancing safeguard. This mechanism enables storage
to simultaneously fulfill dual roles in smoothing fluctuations and managing costs.

5.2. Comparison with Existing Research

The primary distinction of this study lies in its systematic integration. Unlike research
focusing on individual algorithm improvements or standalone prediction models, this
paper deeply integrates the enhanced IBES algorithm, LSTM prediction, and equipment
modeling. It constructs a closed-loop optimization framework spanning prediction to
scheduling while simultaneously considering energy consumption and costs. This frame-
work is applied to specific scenarios of photovoltaic-storage-grid coordination, demonstrat-
ing strong engineering applicability.

5.3. Limitations and Future Directions

While the proposed IBES-LSTM framework demonstrates promising performance
in the hotel case study, its generalizability to other building types and climatic zones
warrants further investigation. The data-driven nature of the LSTM model suggests that
the framework is transferable in principle, provided that sufficient and representative
historical operational data is available for the target system. However, the availability
of such datasets from diverse settings is limited, which is a key limitation of the study.
Subsequent endeavors will center on the aggregation of multi-site data for the purpose
of cross-validation, a prerequisite for the establishment of the model’s robustness and
practical applicability across diverse scenarios. Collaborations with building management
entities in various sectors and regions are being sought to address this data gap.

A key direction for future research is to apply and validate the proposed framework
across multiple building types and geographical locations. This will not only serve to test
the system’s robustness, but also potentially yield insights into the influence of building
characteristics and climate patterns on optimization strategies.

Another key research direction involves conducting comprehensive sensitivity anal-
yses to evaluate the impact of varying levels of prediction uncertainty on the system’s
economic performance and energy efficiency. Furthermore, extending the deterministic
optimization model to a stochastic or robust optimization formulation that explicitly incor-
porates forecast uncertainty intervals would significantly enhance the practical reliability
of the framework for real-world applications.

6. Conclusions
The present research addresses the energy-saving and economic operation challenges

of CAC systems under time-of-use electricity pricing by proposing a collaborative optimiza-
tion framework integrating photovoltaics, energy storage, and the power grid. Focusing on
two core research questions—“how to reduce system energy consumption” and “how to
minimize electricity costs”—systematic work was completed from methodological innova-

https://doi.org/10.3390/app16042145

https://doi.org/10.3390/app16042145


Appl. Sci. 2026, 16, 2145 31 of 33

tion to application validation through improved intelligent algorithms, predictive modeling,
and optimized scheduling strategies. Key conclusions are summarized as follows:

(1) An IBES algorithm was developed by integrating adaptive adversarial learning, lo-
gistic chaotic mapping, and Lévy flight strategy. This significantly improves the
algorithm’s global optimization capability and convergence speed when solving
high-dimensional, nonlinear, constrained engineering optimization problems. Bench-
mark function and case study comparisons validate its superiority over traditional
algorithms.

(2) An IBES-LSTM collaborative optimization framework was established, successfully
integrating load forecasting with system optimization. This framework not only
achieves precise cold load prediction but also reduces the average energy consump-
tion of the CAC water system by 26.04% through coordinated scheduling of equip-
ment such as chillers, pumps, and cooling towers, demonstrating significant energy-
saving potential.

(3) An economic dispatch model for “photovoltaics-storage-grid” coordination under
time-of-use pricing was constructed. Simulation results demonstrate that the proposed
strategy, through photovoltaics priority consumption and intelligent “low-charge high-
discharge” energy storage scheduling, reduces total system electricity procurement
costs by 22.38% while ensuring power supply reliability, achieving dual goals of
energy conservation and cost reduction.

The primary contribution of this study lies in proposing and validating a data- and
model-driven collaborative optimization framework, providing a systematic solution for
CAC systems to participate in demand response and achieve refined energy management.

However, the validation is based on a single case study, and the generalizability
of its conclusions requires further testing across diverse buildings and climate zones.
Furthermore, extending the deterministic model to a stochastic optimization framework
that explicitly handles prediction uncertainties, and integrating electricity optimization
with building thermal management, represent key future directions for enhancing system
practicality and unlocking deeper energy-saving potential.
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