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Abstract

The complexity of current optimization methods for HVAC systems is increasing, resulting in relatively
lower computational efficiency, particularly in more complex systems. This difficulty makes real-time
optimization and control challenging in practice. Therefore, there is an urgent need to simultaneously improve
both system energy efficiency and computational efficiency to enhance system robustness. Present
optimization methods predominantly emphasize enhancing system energy efficiency, often overlooking
computational efficiency. Consequently, these methods become infeasible or unstable when implemented in
practical systems. In our research, a multi-agent-based collaborative optimization method is proposed to
solve the global optimization problem of complex HVAC systems. Under the multi-agent framework, the
global optimization problem is decomposed into multiple sub-optimization problems considering the
interaction characteristics among components, thus reducing the complexity of the global optimization
problem in HVAC systems. The proposed AH-AFSA algorithm supports the solution of optimization
problems containing hybrid decision variables (continuous and discrete variables) and can directly search for
optimal discrete variables in the binary space. This feature is suitable for searching the optimal ON/OFF
sequence and setpoints simultaneously during the global optimization process. The results demonstrate that
the proposed method can save 18.9% of electricity consumption with an average computing time of 12.2
seconds for each operating condition, saving about 54% of the time cost compared to centralized methods.
The methodology used in our research holds significant theoretical and practical value for enhancing the

computational efficiency and productivity of optimization methods in complex HVAC systems.

Keywords: HVAC systems; Collaborative optimization; Computational efficiency; Energy efficiency

trade-off; Multi-agent system
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Subscripts
ahu
b/b
c
ch
chw / chwp
comp

coefficients of PLR correction factor in chiller model
coefficients of temperature correction factor in chiller model
coefficients of power consumption in cooling water pump model
water specific heat at constant pressure

constraints

distance between fish i and j

coefficients of power consumption in cooling tower model
coefficients of spatial coupling characteristics

global fitness

coefficients of spatial coupling characteristics

constant

pump head (fan pressure)

objective function of diffusion / allocation problem
boundary for each dimension of individual

boundaries collection of optimization variable, space of feasible solution
flow rate

population size

dimension of artificial fish

number of companions

number of operational units

maximum try number

power consumption

part load ratio

cooling load

action reward

moving step size of artificial fish

the collection of operating parameters for each unit
temperature

searching visual of artificial fish

collection of optimization variables, the it individual, the best individual
fitness

information set from adjacent agents

efficiency

defined threshold

crowding factor

air handling unit

the b™ unit / the best

center of fish school

chiller

chilled water / chilled water pump
component type




ct cooling tower
cw / cwp cooling water / cooling water pump
C condenser
con continuous fragment of artificial fish
d discrete type
d the d" dimension
dis discrete fragment of artificial fish
E evaporator
h the ht" chiller
i the it" artificial fish
i, 0 inlet, outlet
i the j" artificial fish
k the ki AHU
I the I'" room
m the m™ cooling water pump
ma mixed air
n the n™ cooling tower
r operating units
r random action
R rated value
sa supply air of AHU
sys the whole system
u the ut chilled water pump
Superscript
* optimal value
®) the t" movement

1. Introduction

The heating, ventilation, and air conditioning (HVAC) system plays a vital role in regulating the indoor
thermal environment of public buildings, which consists of a number of electromechanical equipment with
nonlinear characteristics [1-3]. Typically, the HVAC systems are designed to handle the maximum cooling
load of buildings, and the energy consumption accounts for over 50% of total building energy consumption
[4,5]. Therefore, there exists significant potential for energy conservation when the HVAC systems operate
under partial load conditions. However, due to the nonlinear and coupling characteristics inherent in HVAC

systems, achieving optimal energy efficiency in practice poses significant challenges.

1.1. Diffusion and allocation optimization problems in HVAC systems

The main electromechanical components in a typical HVAC system include chiller (CHs), chilled water
pump (CHWP), cooling water pump (CWP), cooling tower (CT) and air handling unit (AHU). As shown in
Fig. 1, there are two configurations with different complexity for the HVAC system. In which, subgraph (a)
depicts the HVAC system with identical parallel units, which is a typical configuration in practical system.
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While the system in subgraph (b) is configured to contain parallel units with different capacity, which can
better adapt the variation of cooling demand under partial load conditions. The configuration flexibility of
the system in subgraph (b) renders it is also a commonly existed configuration in current public buildings.

0 I3
(a) Component with identical parallel units ; (b) Component with different parallel units
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Given the strong nonlinear and coupled characteristics of its components, optimizing the HVAC system
necessitates considering their interactions. Typically, the global optimization problem in HVAC systems
involves optimizing the ON/OFF sequence of parallel units (allocation problem) and the setpoints of control
loops (diffusion problem). The allocation optimization problem is a 0-1 integer programming problem with
discrete decision variables, while the diffusion optimization problem involves continuous decision variables.
Hence, the global optimization problem of the HVAC system is a hybrid optimization problem. To
significantly enhance the global operational performance of HVAC systems containing parallel units, both
the allocation and diffusion problems must be addressed during the optimization process. However, most
research focuses solely on one of these two types of optimization problems and overlooks the hybrid problem.

The complexity of the optimization problem also differs for the two systems. In subgraph (a), the
allocation problem simplifies to optimizing operating unit numbers without considering the ON/OFF
sequence, denoted as N in complexity. Conversely, in subgraph (b), the allocation problem requires
considering the ON/OFF sequence to obtain the optimal unit combination, resulting in a complexity of 2-1.
And as the number of parallel units increases, the optimization problem complexity in subgraph (b) grows

exponentially.

1.2. Literature review

In recent years, there has been a growing emphasis on improving the energy efficiency of HVAC systems
by employing intelligent techniques, such as genetic algorithms (GA) [6-9], artificial neural networks [10,11],
particle swarm optimization (PSO) [12—14], etc. These methods primarily aim to address the diffusion and

allocation optimization problems in HVAC systems.

1.2.1. Diffusion optimization methods

He et al. [15] conducted a comparison of three computational intelligence algorithms, including PSO,
evolutionary algorithms (EA), and harmony search (HS), for optimizing HVAC system setpoints. The results

demonstrated that heuristic algorithms like PSO and HS offered rapid convergency speed and delivered
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quality solutions for real-time optimization. Similarly, other heuristic algorithms such as the firefly algorithm
(FA) [16], artificial bee colony algorithm [17], differential bat algorithm (DBA) [18] have been proven
effective in solving diffusion optimization problems and enhancing the energy efficiency of HVAC system
components. These studies have underscored the efficiency of heuristic search algorithms (e.g., GA, DE,
PSO) in solving nonlinear optimization problems in HVAC systems, resulting in significant energy savings
compared to conventional optimization methods like exhaustive search and the Lagrangian method. However,
the performance of these advanced techniques relies on the accuracy of system models and the computational
capabilities of the controller, posing challenges for practical implementation.

With the rapid advancement of artificial intelligence technology, the requirements for HVAC system
control have become more intricate and diverse, necessitating increasingly complex optimization methods
and control tasks. To address these diverse control demands, some researchers have proposed hybrid
optimization methods. Nasruddin et al. [19] combined artificial neural networks (ANN) and multi-objective
GA to optimize a two-chiller system, yielding superior performance in terms of thermal comfort and energy
consumption compared to conventional designs. Li et al. [20] introduced a method integrating back-
propagation neural networks and the grey wolf optimizer (GWO) algorithm to optimize the control effect and
energy efficiency of HVAC systems. Compared to other hybrid methods such as ANN-GA [21] and ANN-
PSO [22], the proposed method could rapidly achieve optimal thermal comfort and energy efficiency
simultaneously. These hybrid methods integrate various techniques to offer superior performance in energy
efficiency and control effectiveness compared to conventional single techniques. However, these studies
overlook the complexity and computational efficiency of hybrid methods, making them impractical and
challenging to implement in existing HVAC systems. Moreover, complex models and parameters may
consume substantial computational resources of the central controller, thereby reducing its real-time

computing performance and error tolerance.

1.2.2. Allocation optimization methods

To enhance the energy efficiency of HVAC systems with multiple chillers, Lee et al. [23] utilized the
differential evolution (DE) algorithm to tackle the optimal chiller loading (OCL) optimization problem. Case
studies revealed that DE with a scaling factor of 0.7 and crossover rate of 0.8 outperformed GA and PSO,
overcoming divergence issues associated with the Lagrangian method at low cooling demand conditions.
Similarly, Li et al. [24] introduced an improved sparrow search algorithm (TMSSA) to achieve optimal
solutions, successfully avoiding local optimal traps. Comparative studies demonstrated that the algorithm
converged within 10 iterations, achieving up to 24% higher relative energy savings compared to GA. These
results showcased the improved algorithm's strengths in rapid convergence and energy-saving potential.
Zheng et al. [25] proposed an enhanced artificial fish swarm algorithm (AFSA) with an adjustable search
range to address the OCL problem. Simulation results illustrated that the improved AFSA exhibited better
performance in terms of convergence rate and accuracy compared to PSO and evolutionary algorithms (EA).
Other techniques like cuckoo search algorithm (CSA) [26] and invasive weed optimization (IWO) algorithm
[27] have also been proven effective in solving allocation optimization problems.

To further enhance the expandability and universality of practical HVAC control systems, Yu [28]
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proposed a distributed control framework for optimizing the flow rate allocation problem of parallel pumps,
employing an evolutionary AFSA algorithm to solve the optimization problem. Simulation results
demonstrated that the distributed AFSA offered superior computational efficiency while maintaining the
same level of accuracy. Li et al. [29] introduced a multi-agent-based distributed method for resolving airflow
allocation problems in ventilation systems. Simulation results indicated that the distributed method achieved
comparable outputs to centralized methods and was more effective in addressing complex problems. Salsbury
etal. [30] presented a smart distributed algorithm to optimize airflow allocation in multi-zone HVAC systems.
Simulation results verified the algorithm's robustness and ease of implementation. Wang et al. [31] proposed
a hierarchical framework with multiple layers to streamline the optimization process of HVAC systems. An
improved Nesterov acceleration technique was adopted to enhance convergence rates. Simulation results
demonstrated that the proposed distributed method could save 69.55% of computing time compared to
conventional distributed methods. Despite the data-driven approaches using machine learning perform better
in solving dynamic optimization problems, the heuristic search methods (such as AFSA) are also proven to

be effective for optimizing HVAC system in multi-agent systems.

1.2.3. Researches on improving computational efficiency

In addition to energy conservation, computational efficiency is a crucial criterion for evaluating
optimization methods in real systems. Therefore, simplifying optimization tasks and improving
computational efficiency have become increasingly significant in today's HVAC systems. Jin et al. [32]
proposed a simplified mechanical cooling tower model based on Merkel’s theory and the effectiveness-NTU
method to enhance the online computational efficiency of intelligent control methods for cooling water
systems. Compared to conventional methods, this approach had simple coefficients, required no complex
iterations, and significantly improved the online computational efficiency of system optimization. Similarly,
Ma [33] introduced an online optimization method for cooling water systems based on a simplified heat
transfer model, demonstrating its feasibility for online optimization and its potential to reduce energy
consumption by 15.3%. Addressing the complex nonlinear characteristics of heat transfer at cooling coil units,
Wang [34] proposed a simple model for better real-time control and optimization of HVAC systems. The
model coefficients were easily obtained using linear or nonlinear least squares methods. Experimental
comparisons with traditional methods demonstrated the model's robustness and superior real-time computing
performance across all operating conditions. Considering the ease of obtaining temperature parameters in
practical HVAC systems, Zhao [35] selected chilled and cooling water temperature as input variables and
proposed an online predictive control method based on a multivariable linear regression model. Application
results showed that the proposed method was easy to implement and replicable in practical systems,
improving system global COP values by 5.35% and reducing energy consumption by 2.7%. Zhao [36]
simplified models of cooling system components, including chillers, cooling water pumps, and cooling
towers. The control method based on these simplified models was developed with easily obtained inputs and
aprogrammable structure, achieving energy savings of 3.45% compared to traditional control methods. These
studies aimed to enhance the computational efficiency of optimization methods by simplifying component
models and system structures, enabling real-time implementation. However, they trade reduced model
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accuracy for computational efficiency, indicating room for improvement in energy conservation. Moreover,
while these simplifications targeted individual components (e.g., cooling tower, cooling coil units), their
adaptability to entire HVAC system optimization was not thoroughly discussed, limiting their applicability
in other systems.

In efforts to enhance computational efficiency without compromising control effectiveness, some
scholars have proposed multi-agent-based optimization methods for HVAC systems, leveraging the
advantages of distributed framework. In a multi-agent system, each agent functions as an autonomous entity
capable of observing the environment, communicating with neighbors, and making decisions toward its goals
[29]. And the cognitive and decision-making processes of agents can be described by the Belief-Desire-
Intention (BDI) model [37]. This approach offers several strengths compared to centralized approaches.
Firstly, it provides excellent extensibility, as agents possess plug-and-play characteristics, facilitating the easy
addition or removal of zones or components [38]. Secondly, the central controller is replaced by multiple
intelligent agents, improving the system's error tolerance. Thirdly, it offers good reconfigurability, as
changing a component model requires local control reconfiguration only, without the need to modify the rest
of the control system [39]. Considering these benefits, the multi-agent system has found applications in
various aspects of building automatic control, such as optimizing indoor environment setpoints [40], user-
centered control systems [41], building energy system optimization [42], and interactive demand-side
management strategies [43]. Despite demonstrating effectiveness in building energy management, there
remains a lack of an applicable multi-agent-based method for globally optimizing complex HVAC systems.

From these studies, it is evident that distributing the system's computational load across multiple
computing nodes under a distributed framework improves computational efficiency compared to centralized
framework. However, most research focuses on same-type parallel components or subsystems of the HVAC
system, neglecting interactions among components or subsystems. Given that HVAC systems are complex
systems comprising various components with nonlinear characteristics, it is crucial to consider interactions

among components for better optimization and control.

1.3. Research gap

The literature review summary and comparison with our research are presented in Table 1. Most studies
have focused on addressing either diffusion or allocation problems, where decision variables for these
problems are continuous and discrete, respectively. There is a lack of research on solving the hybrid
optimization problem from a global optimization perspective. HVAC systems are often configured with
parallel units of varying capacities to better accommodate cooling demand fluctuations under partial load
conditions, as illustrated in Fig. 1 (b) in current public buildings. However, existing research often fails to
consider the feasibility and applicability of proposed optimization methods for solving the global
optimization problem of such complex systems. Besides, the complexity of the hybrid optimization problem
in the system depicted in Fig. 1 (b) is significantly high, leading to a heavy computational burden on the
central controller and impacting its real-time performance. While some studies have aimed to enhance
computational efficiency, they typically focus on subsystems or individual components, neglecting the need
to balance trade-offs among components, making these methods unsuitable for system-wide optimization.
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Therefore, there is an urgent need to identify a superior optimization approach to simplify the hybrid

optimization problem, reduce computational load, and maintain the energy efficiency of the HVAC system.

Table 1 Literature review summary and comparison with our research
L. . Applicable to
. . Optimization Computational . .
Literature Year Method Research Object . Which System in
Problem Efficiency .
Fig. 1
[6] 2020 GA Whole system Diffusion Undiscussed (a)
[7] 2019 GA AHUs Diffusion Undiscussed (a)
[9] 2014 GA Chillers Allocation Undiscussed (b)
[13] 2022 PSO AHUs Diffusion Undiscussed (a)
[15] 2015 PSO AHUs Diffusion Undiscussed (a)
[26] 2014 CSA Chillers Allocation Undiscussed (b)
[27] 2018 IWO Chillers Allocation Undiscussed (b)
[20] 2021 GWO AHUs Diffusion Undiscussed (a)
[24] 2023 TMSSA Chillers Allocation Undiscussed (b)
[25] 2019 AFSA Chillers Allocation Undiscussed (b)
[28] 2018 AFSA Pumps Allocation Undiscussed (b)
[29] 2020 Multi-agent AHUs Allocation Undiscussed Both (a) and (b)
) Both diffusion .

[31] 2022 Multi-agent Whole system . Considered (a)

and allocation
[33] 2021 PSO Cooling towers Allocation Undiscussed (a)
[35] 2021 ES Cooling system Diffusion Undiscussed (a)
[42] 2016  Multi-agent Whole system Diffusion Undiscussed (a)

Both diffusion .
[44] 2024 DE Whole system : Considered (a)

and allocation

Collaborati Both diffusi
This work / ° .a .orailve Whole system oma s.lon Considered Both (a) and (b)
optimization and allocation

1.4. Motivation

To enhance both energy and computational efficiency in complex HVAC systems, we propose a
collaborative global optimization approach that merges the strengths of multi-agent systems and heuristic
algorithms. The complex hybrid optimization problem is decomposed into several simpler subproblems, with
each subproblem addressed by different agents considering component interactions. To ensure that the agents
collaboratively and simultaneously obtain optimal ON/OFF sequences and setpoints, we introduce an
enhanced artificial fish swarm algorithm to address the global objective function.

This study is structured as follows: Firstly, we systematically formulate the optimization problems and
models of the complex HVAC system within a multi-agent framework, considering interactions and nonlinear
characteristics (Section 2.1). Next, we illustrate the mechanism of the collaborative method and introduce an
adaptive hybrid artificial fish swarm algorithm (AH-AFSA) for agents to collaboratively determine optimal
setpoints and ON/OFF sequences. The algorithm is designed to handle both continuous (setpoints) and
discrete (ON/OFF sequence) parameters of the optimization problem (Section 2.2). Then, we provide details
on the platform and operating conditions of the simulation tests and experiments in Section 3. Finally, we
discuss the performance of the proposed method based on comparative results concerning energy-saving

potential and computational efficiency (Section 4).



2. Methodologies

This section will first formulate the models of system components and coupling characteristics
systematically. Then, the global optimization problem of the HVAC system under a multi-agent system will
be illustrated, and the agents in this research will be defined. Next, the collaborative optimization method
will be proposed for addressing the diffusion and allocation problems of the HVAC system. Finally, the

distributed application and uniform convergence of the proposed method will be discussed.

2.1. System modeling

2.1.1. HVAC system models

Typically, the quantity of operational parallel units can be classified into two types: integer and 0-1
discrete types, denoted as Nicomp and Nq comp, Tespectively. In the integer type, integers represent the number
of operating units, while in the discrete type, a 0-1 vector indicates the ON/OFF state of each unit (ON = 1,
OFF =0), as shown in Eq. (1).

Nd,comp = (Nd,comp,b Yy Nd,comp,b' Y Nd,comp,Ncomp) , comp € {ch,chwp,cwp,ct,ahu} (1)
Ncomp
Nr,comp = Z Nd,comp,b ()
b=1

The relationship between Nicomp and Nacomp can be expressed as Eq. (2), where Ngcomp» 18 a binary
number representing the ON/OFF state, subscript b denotes the o™ unit of corresponding component,
subscript comp represents the component type, and Neomp is the total number of units.

The power consumption of parallel chillers can be expressed as Eq. (3) by referring to the Stoecker
model [45]. Where, the subscript R represents the rated value, and fprr ch,x and fr.chx are correction factors for
part load ratio and temperature, which can be calculated using Eqs. (4) and (5) respectively. Here, the
subscripts E and C denote the evaporator and condenser, while the subscript o represents the outlet value.

The coefficients ao ~ a> and by ~ bs can be determined by fitting sample data.

Nch
Pen = Z(P bR h* foiRehn * frehn - Nachn) @
h=1
0 Qann '
h,h hh
feirenn = Aon t A1 ( , ) T G2 ( , ) X
Qch,R,h Qch,R,h
frenn = bon + by1pTeo + banTge2 + b3nTeo + banTee2 + bspTEoTco ©®)

Based on the performance characteristics of pumps and fans, the power consumption of parallel chilled
water pumps can be calculated using pump flow (mchw) and head (Henw) [46], as expressed in Eq. (6). Similarly,

the power consumption of AHU fans can be calculated using fan flow (ms,) and pressure (Hsa), as shown in

Eq. (7).



N chwp

m -H
Paap = Z (M ‘N d’chwp’u) (6)
= 9c " Nechw,u
Nahu H
m .
Pahu — sa,k sak (7)

=1 Ic T]ahu,k

In the equations above, g. represents a constant linked to the units of m and H. Assuming gravitational
acceleration is 9.8 m/s? and P is measured in kW, if m and H are in m3/h and mH>O respectively, g. equals
367.3. For units of m as kg/s and H as kPa, gc becomes 134.9. n denotes pump and fan efficiency associated
with m and H, determined through data fitting.

Regarding the power consumption of parallel cooling water pumps, its model deviates from that of

chilled water pumps due to the open system nature of the cooling water loop [47], as shown in Eq. (8).

N cwp

2
Pcwp = Z Pcwp,R,m Nd,cwp,m [CO,m + Cl,mPLRcwp,m + Cz,m (PLRcwp,m)

m=1

8)
+ cam(PLRowpm) |

where ¢y to c3 represent the coefficients derived from data fitting, PLRcwp,» denotes the part load ratio of the

m™ cooling water pump, it is defined as the ratio of actual flow to rated flow, as depicted in Eq. (9).

mcw,m

PLRowpm = )

Mew,Rm

Similarly, the power consumption model of cooling tower fans can be expressed as Eq. (10), where
PLR., represents the part load ratio of the fan and can be calculated using Eq. (11). The coefficients dy to d3
can be determined through data fitting.

Nt
2 3
Pa= ) Punn Nacin [don + dumPLRan + don(PLRan) + dsn(PLRn)'] (10)
n=1
ma n
PLR = —
con MgRrn (b

The air volume of the k" AHU can be calculated using the air volume in each conditioned room, as
shown in Eq. (12). The heat exchange between the air side and water side of the coil can be simply formulated
as Eq. (13) [48]. Here, Tma represents the temperature of the mixed air, ms, denotes the coil water flow of the

AHU, and e to e3 are model coefficients determined through data fitting.

Nroom
Mgy = Z Mgy k1 (12)
=1
Nroom ez
1k msas‘,k : (Tma,k - TE,O) 13
Qi = oy (13)
=1 1+ €2k (msa,k/mchw,k)

Similar to the coil model, the heat exchange between the air and water sides of a cooling tower can be
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expressed as Eq. (14) [36], where Twb,od is the outdoor wet bulb temperature, mcy is the water flow of the
cooling tower, m, is the air volume of the cooling tower, and g1 ~ g3 are model coefficients that can be

obtained through data fitting.

Nen Net gsn
91n- mcv3v',n ' (TC,i - wa,od) "
Ph+ ) Qi = Tom (14)
i=1 n=1 1+ 9Io2n (mcw,n/ma,n)

From the above models, it's inferred that each component's power consumption is solely determined by
its own operating parameters. For example, Pch is influenced only by Qch, Tk and Tc,, while P is only
related to m,, etc. However, the operating parameters of different components interact in practical systems,

leading to the existence of an energy efficiency trade-off issue among components.

2.1.2. Constraint conditions

In the diffusion optimization problem, the decision variables must be explored within a feasible solution
space. Therefore, the constraint conditions for the diffusion problem are expressed as Eq. (15), where L

denotes the boundary collection.

Lmin < X" < Lmax* Xe {TE,O' Hchwpi A TCJ TC,i' Tsa' Hsa} (15)

In allocation optimization problems, decision variables must meet the fundamental system requirement:
each component type must have at least one operational unit. Therefore, constraints for allocation problems
are defined in Eq. (16). Moreover, the allocated quantity for each unit should fall within a reasonable range.
For instance, the water flow allocation for each chilled water pump should range between its minimum and
maximum capacity. Hence, allocation constraints are expressed as Eq. (17), encompassing cooling capacity,

chilled water flow, cooling water flow, cooling tower air volume, and AHU supply air volume.

Nd,comp * {0} (16)
Scomp,min < Scomp < Scamp,max' Scamp € {Qchlmchw: My, My, msa} (17)

To facilitate the search for optimal solutions using intelligent algorithms, the aforementioned
constrained optimization problems need to be converted into unconstrained optimization problems.
Constraints stated in Eq. (15) and (16) pertain to decision variables, which can be constrained within the
feasible solution space of the algorithm. Concerning constraints in Eq. (17), the allocation optimization

problems can be transformed into unconstrained problems by constructing penalty functions [8,9,44].

2.1.3. Global optimization problem in multi-agent system

The nonlinear characteristics of components result in energy efficiency trade-offs among them. In
variable flow rate HVAC systems, two types of trade-off issues typically arise: diffusion problem and
allocation problem. The diffusion problem primarily occurs among adjacent components (e.g., chiller, pump,
and fan) and describes the energy efficiency trade-off among them. The allocation problem mainly exists
among parallel units of the same type of component (e.g., chiller units) and concerns the energy efficiency
trade-off among these parallel units. The schematic diagram of a typical HVAC system and the trade-off

issues are illustrated in Fig. 2. The conventional optimization problem for such system can be formulated as
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Eq. (18), and the decision variables are component ON/OFF sequence and control loop setpoints.

({Nicomp}' TE*,o' H;hwp' A TC*' T(Sk,i' T, H:a)
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Fig. 2 Control schematic and trade-off issues of typical HVAC system

For the problem formulated in Eq. (18), which contains both discrete and continuous decision variables,
and the complexity of the problem will be exponential increased as the paralleled component units increased.
Managing such a complex system with various control loops and uncertainties presents a challenge for
improving overall energy efficiency. Due to the existence of trade-off issues, components must cooperate
with each other to achieve the global optimization. As illustrated in Fig. 2, the optimization problem for the
system includes the diffusion optimization among different components and allocation optimization among
parallel units. Thus, for a variable flow rate HVAC system with multiple parallel units, the original complex
energy efficiency optimization formulated in Eq. (18) can be decomposed into several subproblems. These
include one diffusion optimization problem formulated in Eq. (19) and five allocation optimization problems

formulated in Eq. (20).
foitta = Min Pays = min(Pey, + Popwp + Pewp + Pet + Panu) (19)

falloca,comp = Min Pegpyy, comp € {ch,chwp,cwp,ct,ahu} (20)

The diffusion optimization aims to address the coupling characteristics among components by
determining the optimal setpoints of control loops under a certain unit ON/OFF status. Hence, the solution
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to the diffusion optimization problem can be formulated as Eq. (21), where the six decision variables are the
setpoints of the control loops (C1 ~ C6) illustrated in Fig. 2, and the superscript (*) represents the optimal
value. The allocation optimization deals with coupling characteristics among parallel units by determining
the optimal ON/OFF sequence under a certain setpoint. Therefore, the solution for the five allocation
optimization problems can be expressed as Eq. (22), where the decision variable is the ON/OFF sequence of

parallel units in discrete form.

* * * * * _ .
(TE,O' Hchwpl A TC*' TC,i' Tsai Hsa = argmin fDiffu (TE,O' Hchwpi A TCJ TC,iJ Tsai Hsa) (2 1)
* .
(Nd,comp) = argmin fAlloca,comp (Nd,comp) (22)
Medium Condition ON/OFF Optimized
T\\h_ml i\;(l.cl parameter parameter \(‘(Illt‘llt‘l: i“t])nillii
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Fig. 3 Interactions and connections among different types of components

Based on the system models formulated in Section 2.1.1, the interactions and connections between
different types of components can be illustrated in Fig. 3. In which, the optimized setpoints (highlighted with
blue) and ON/OFF sequence (highlighted with red) are the decision variables for the diffusion problem and
allocation problems, respectively. It can be learnt that these two kinds of decision variables are coupled each
other. For example, the number of operating cooling tower (Nq,¢) influences and is influenced by the cooling
water temperature (7c,). That demonstrates that the diffusion and allocation subproblems are interconnected

each other under the multi-agent framework.
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Fig. 4 The task allocation in HVAC system under different network framework

The problem description above indicates that diffusion and allocation subproblems are both independent
and interconnected, requiring cooperative efforts to achieve system-wide optimization. By leveraging the
distinct characteristics of these subproblems, they can be distributed among different agents in a multi-agent
system to simplify the global optimization problem, as illustrated in Fig. 4. In this setup, allocation tasks can

be handled locally by each agent, while the diffusion task can be addressed collaboratively among the agents.

2.2.  AFSA-based collaborative optimization method

As detailed in Section 2.1.3, the global optimization problem for the HVAC system within a multi-agent
framework can be decomposed as one diffusion optimization problem and five allocation optimization
problems. The solutions for the diffusion problem are continuous variables, whereas for the allocation
problems, they are discrete variables. Given this nonlinear hybrid optimization problem with multiple
objective functions, conventional optimization algorithms are inadequate for finding optimal solutions.
Hence, we propose an enhanced optimization algorithm rooted in the characteristics of the artificial fish
swarm algorithm (AFSA) in this section.

In the AFSA algorithm, each individual of the population takes actions based on the information of
adjacent individuals. This mode of interaction among individuals mirrors the interaction among multiple
agents and HVAC components. Consequently, the AFSA algorithm is better suited for solving global
optimization problems in multi-agent-based HVAC systems. The proposed enhanced AFSA algorithm is a
hybrid algorithm that incorporates both continuous and discrete variables. It is tailored to address the global
energy efficiency trade-off issue and the hybrid variables encountered by HVAC systems within a multi-
agent framework. With this algorithm, each agent can explore its local optimal solutions using neighboring

information and converge to the global optimal solution through iterations with adjacent agents.

2.2.1. The AFSA in continuous form (C- AFSA)

The AFSA is a heuristic random search algorithm initially proposed by Li [49,50] in 2002. In this

algorithm, artificial fish typically swim independently or follow other fish towards areas with higher
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concentrations of food (higher fitness). There are four steps throughout the entire search process of AFSA:
initialization, prey, swarm, and follow. Below are detailed explanations of these steps, wherein the decision
variables are in continuous form.

During the initial stage of C-AFSA, several parameters need to be initialized, including the fish
population M, dimension n, feasible solution space L, visual, step, maximum try number Nyy, maximum
movement number 7, and crowding factor 6. The initialization of the i individual can be expressed as Egs.

(23) and (24), where d represents the @ dimension, and / is the feasible solution for each dimension.

) _ (.. (0 (0) (0)
X7 = (xi.l'xi,zv""xi,d""'xi,n) (23)
xi(,?i) = lmin,d + rand(O,l) : (lmax,d - lmin,d) (24)

After the initialization, the fitness of all individuals will be calculated, and the best individual and fitness
will be recorded on the billboard. Referring to the Euclidean distance, the distance d;; between fish i and j
can be defined as Eq. (25).
dij =l X;— X | (25)

During the prey stage, artificial fish i will randomly select a new position j as shown in Eq. (26) within
the visual field (di; < visual). If the fitness of X; is better than X;, then fish i would move one step towards

position j, as expressed in Eq. (27). Here, ¢ represents the #" movement.

Xj = X; + visual - rand(—1,1) (26)
®
Xi— X,
x = x© 4 J—’ - setp - rand(0,1) (27)

d

L]

If fish i does not find a suitable prey target after Ny attempts, a random movement will be taken, as
expressed in Eq. (28).
Xi(t+1) = Xi(t) + step - rand(—1,1) (28)

During the swarm stage, fish i will perceive the number of companions (#r) and the center of fish school
(c) within the visual field. If the fitness of X, is better and the center is not crowded, then fish i will move one
step towards the center, as expressed in Eq. (29). The precondition of the swarm action is expressed in Eq.
(30). Here, X. is defined as Eq. (31), and Y represents the fitness. If the condition is not met, then prey action

is performed.

L X, —x®
Xi(t+ ) = Xl.(t) + CdTl - step - rand(0,1) (29)
n
ﬁf <5 & Y.>Y (30)
X
x, === (31)
ng

During the follow stage, fish i will perceive the companion k with the best fitness in the field of visual.
If the fitness of X is better and it is not crowded nearby, then fish 7 will move one step towards the companion
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k, as expressed in Egs. (32) and (33). If the condition of the follow action in Eq. (33) is not met, the prey

action is performed.
®

X, — X;
Xi(”l) = Xi(t) + de‘ - step - rand (0,1) (32)
ng
—<6§ & Y. >Y (33)

N

After each movement, artificial fish will compare its fitness with the fitness recorded on the billboard.
If its fitness is better, then the billboard will be updated. The algorithm will terminate when the error of the

optimal individual is within an acceptable range or when the fish reach the maximum movement number (7).

2.2.2. Definition of action reward and adaptive step

To further enhance the local search ability and convergence speed of C-AFSA, we defined the action
reward and improved the fixed step to adaptive step. The action reward R is defined as the benefits for fish i
moving to target o, as expressed in Eq. (34). The step for this action is defined as Eq. (35), where stepmin and

Stepmax are the boundaries of step.

(34)

step = stepyn + (Stepmax - Stepmin) ‘R (35)

Therefore, the step in the three actions (prey, swarm, and follow) expressed in Egs. (27), (29) and (32)
can be replaced with an adaptive step expressed in Eq. (35). For random movement, the action benefit is
considered as 0, and the step is expressed as stepmax-rand (-1, 1).

The physical meaning of the adaptive step can be understood as follows: When the target fitness is much
greater than the fitness of the fish itself, the action benefit for fish i is greater, and a larger step size will be
taken, which is conducive to improving the convergence speed. When the target fitness is similar to the fitness
of the fish itself, the action benefit is small, and a smaller step will be taken, which helps strengthen the local

search ability.

2.2.3. Discretization improvement (D-AFSA)

As described in Section 2.1.3, the allocation problem is a 0-1 integer programming problem, and its
decision variables are unit ON/OFF sequences, which are discrete variables. To solve such problems with
discrete variables using AFSA, some discretization improvements for AFSA will be made in this section.

Firstly, the initialization of artificial fish is defined as Eq. (36), in which there are only two states (0 and

1) for each element. The distance d;; between fish 7 and j can be expressed as Eq. (37).

X ={xi1, %2 %Xia " Xin} %iqa €{01},d=12,,n (36)
n
2
di_j =|| Xi - Xj [I= Z(xi’d - Xj,d) (37)
d=1

In D-AFSA, the visual is defined within the range of the dimension, herein set as n/3. The step is defined
16



as an integer within the range of the visual. During the prey stage, artificial fish i will move towards target j
within the visual field based on Eq. (38), where RAND(1, n, step) represents step integers randomly generated
between 1 and n. Eq. (38) indicates that step elements in fish i (X;) will move towards Xj. If no suitable prey

target is found after Ny attempts, a random movement expressed in Eq. (39) will be taken.

x.d x,(t) = x-d
XD — ) ‘(g 7% d = RAND(1,n, step) (38)
’ min(l, x]-,d), Xiqd #Xja
®
0, x;;7=1
xi(f;l) = l(f) , d = RAND(1,n, step) (39)
' 1, x4=0

At the swarm stage, the swarm center can be expressed as Eq. (40), and fish i will move towards the

center based on Eq. (41). This means that step dimensions of X; will move towards X..

ng
Xcq = round Z Xja /M (40)
=1
Xedr x'(t) =Xcd
AR ' W %, d=RAND(1,nstep) (41)
’ min(1,xcq), X;q # Xeq

The follow action of D-AFSA is expressed as Eq. (42), which means step dimensions of fish i (X;) will

move towards the follow target (Xx).

©
X ds X5 =X
X = fod b "M d = RAND(1,n,step) (42)
’ min(l, xk,d) , xi,d * xk,d

The discretization improvement for AFSA differs from conventional integer programming algorithms
that obtain optimal solutions through SysConvert and rounding methods. D-AFSA can directly search for the
optimal solution in a binary environment without SysConvert, making it more accurate and targeted for
solving ON/OFF sequence problems. Moreover, with an increase in the number of parallel units (dimension),

its advantages become more significant.

2.2.4. The adaptive hybrid AFSA (AH-AFSA)

To solve the hybrid optimization problem of HVAC systems, both continuous and discrete decision
variables must be optimized together. Therefore, the adaptive hybrid AFSA (AH-AFSA) is proposed herein,
inheriting the merits of both C-AFSA and D-AFSA. As illustrated in Sections 2.2.1 and 2.2.3, C-AFSA is
more suitable for solving problems with continuous decision variables (e.g., the diffusion problem), while D-

AFSA is for problems with discrete decision variables (e.g., the allocation problem).
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Fig. 5 Schematic diagram of AH-AFSA
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of artificial fish are determined according to the actual optimization problem.

The schematic of AH-AFSA is shown in Fig. 5. It also mainly contains four steps: initialization, prey,
swarm, and follow. During the initialization process, each fish 7 (X;) contains two types of fragments. One
fragment is the continuous part (X;con), and the other is the discrete part (Xicon). Each fragment has its own
dimension, and the sum of the dimensions of all fragments is the artificial fish dimension. For different
fragments, except the visual and step, all other parameters are consistent. The visual and step for AH-AFSA

can be expressed as visual = {visualcon, visualss} and step = {stepcon, Stepdis}. The fragments and dimensions

During the prey, swarm, and follow stages, there are two ways to search for and move towards a target.

For the fragment X;con, the algorithm will search for a target in the continuous fragments in the field of



visualcon, while for the fragment X; qis, the algorithm will search for a target in the discrete fragments in the
field of visualys. After each search, the searched continuous and discrete fragments will be combined into a
new state. If the fitness of the new state is better, then the new state will be determined as the action target
(prey, swarm, or follow target). Then, each fragment will move towards the target with its own step (stepcon

or stepdis).

2.3. Agent definition for the complex HVAC systems

2.3.1. Coordinating agent

Based on the optimization problems presented in Section 2.1.3, the compact form of the optimization

problem can be described by Eq.(43).

min fDiffu (Xcon) + z fAlloca,comp (Xdis,comp)
comp (43)

subject to X € ﬂ Ceomp

comp

where X is the collection of decision variables, including the setpoints (Xcon) and ON/OFF sequence (Xais); f
is the agent local objective function; Ceomp is the local constraint condition.

In this research, the concept of coordinating agent [29] is introduced to ensure information
synchronization among agents. The coordinating agent shares the same priority as other component agents
and is primarily tasked with solving the diffusion optimization problem. Herein, the BDI model [37] is used
to describe the cognitive and decision-making processes of agents. In which, belief represents the agent's
perception of the environment and system state, desire represents the agent's local goals and preferences, and
intention represents the specific action the agent makes based on beliefs and desires. For a coordinating agent,
its beliefs can be understood as the coupling models among different components, and it updates its status
according to environmental parameters received from neighboring agents. The desire of the coordinating
agent is the local objective, which can be described by Eq. (44) based on the compact form of the global
optimization problem, and is constrained by Eq. (15). The intention of the coordinating agent is defined as
the action directed toward its goal, which can be formulated by Eq. (45).

min|fpier, (Xcon) + Pr(Xcon)]
(44)
subject to Eq.(15)

X = arg min | fou (X002 | 280) + P (X200 1 2850 (45)

where fpis is the local objective function of coordinating agent; Pris the proxy term that penalizing unfeasible
solution based on information from neighbors, and Z.on is the information set that constructed based on
coupled variables from neighbors, which contains the updated solutions from neighbors.

It is important to note that the terms of Z.n change with each iteration of the algorithm, leading to

updates in Pr and fpisu at each iteration. This term is essential for agent interactions and for updating their
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decision variables. Herein, Z.,n comprises the updated decision variables obtained from neighboring agents

through communication, as expressed in Eq. (46).

t *,(t *,(t *,(t
28 = (x50, x50, 0 X35, -} (46)

dis,ct” “*dis,chwp’

At each iteration, the coordinating agent interacts with neighboring agents to obtain Zc.n, which is then
used to update its local state and evaluate its local fitness (Ycon) using the AH-AFSA algorithm. The local

fitness is expressed in Eq. (47), where i represents the i artificial fish.
1

)+ P, (X(t) ZC(QI) (47)

Lcon |

Y(t+1)
i,con _P (X(t) iZ(t)

Sys i,con con

To ensure solution optimality and consistency among agents, all agents must calculate both global and
their local fitness. Firstly, each agent calculates its local fitness (Yicon Or Yidis,comp) based on the current
environment and broadcasts this information to its neighbors. Then, after receiving the local fitness values
from neighboring agents, they calculate the global fitness according to Eq. (48). The local fitness helps the
agent determine the optimal actions (such as swarming, following, preying, or random action) for each
artificial fish. The global fitness allows the agent to select the best artificial fish, ensuring that all agents

collectively move towards the global optimal solution.

(t+1) _ (t+1) (t+1) (t+1) (t+1)
FY =y, Z Y, i ) (48)

i i,con z con dis comp l ,dis,comp
comp

All artificial fish will repeat the above process until either the maximum number of iterations is reached
or the convergence condition is met, ultimately producing the optimal solution. During the iteration process,
the convergence condition for the coordinating agent is defined by Eq. (49). Here, &con represents the threshold
for the residuals, reflecting the maximum relative difference between two iterations. In this research, the

value of &con 18 set to 0.01.

r (x () —y ) (x®))

t,con Lcon Lcon Lcon

Y(k) (X.(k) ) < Econs

i,con i,con

Vi=12-,M 49)

Therefore, once the coordinating agent obtains the information set ZCon from its neighbors, it updates

*(t+1) (Z(t)

its tentative solution X, Con) using the AH-AFSA algorithm, incorporating the coupling models

formulated in Section 2.1.1. And then, the coordinating agent will broadcast its tentative solution to its
neighbors and receives their solutions for optimization in the next iteration. This process is similarly followed
by the neighbors.

To prevent the algorithm from converging to local optimal solutions, the random movement described
by Eq. (28) will be taken when the fitness of the artificial fish has not significantly improved over the previous
g movements. The precondition for this is expressed as Eq. (50), with the threshold 4 set at 5%.

Yi(t—g) _ Yi(t)

B <A Vi=12,--,M (50)
Yl.
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2.3.2. Component agent

The component agents are responsible for solving the allocation problem for each type of component.
The local problems of component agents 1 through 5 are described by Eq. (51), subject to the constraints
given by Egs. (16) and (17). Similarly, the action of the component agent at iteration ¢ + 1 can be expressed
by Eq. (52).
min| fanoca,comp (Xdis.comp) + Prcomp (Xdis.comp) |
(51
subject to Eqgs.(16)&(17)

(t+1)  _ . @®) | (@) @®) | »(@®
Xdis,comp = arg Xdisrgl,,?pec [fAllOCa (Xdis,comp | Zdis,comp) + Pf,comp (Xdis,comp | Zdis,comp )] (52)

where subscript comp denotes the component type and belongs to the set {ch,chwp,cwp,ct,ahu}.
Additionally, Zgs represents the information set obtained from interactions with neighbors, which can be

expressed by Eq. (53).
232 comp = {X:c,)(nt)} (53)

Similar to the iteration process of the coordinating agent, each component agent calculates its local
fitness based on the received Zgis to determine the actions of the artificial fish, as specified by Eq. (54). The
agent then broadcasts its local fitness to neighboring agents. Subsequently, the component agent calculates
the global fitness using Eq. (48) to identify the best artificial fish and move toward the global optimal solution.

(t+1) _ 1
i,discomp — Promp ( x® | 7O ) + P comp ( x© | 7© )

i,dis,comp dis,comp i,dis,comp dis,comp

(54)

The convergence conditions for the component agents are defined by Eq. (55). Here, econ represents the
residual thresholds for the component agents, reflecting the maximum relative difference between two

iterations; the value is set to 0.01 in this research.

v (D =¥ o (X )

i,dis,comp i,dis,comp i,dis,comp i,dis,comp

(k) (k)
Yi,dis,comp (Xi,dis,comp)

S EdiS' VI' = 112J Ty M (55)

2.3.3. Application in the complex HVAC system

Based on the previous description, the optimization task of a conventional HVAC system can be
assigned to six agents: the coordinating agent, the cooling tower agent, the cooling water pump agent, the
chiller agent, the chilled water pump agent, and the AHU agent. The application principle of the AH-AFSA
algorithm in the multi-agent HVAC system is depicted in Fig. 6, with six agents responsible for different

optimization objectives. Among these, the optimization objective of the coordinating agent is the diffusion

problem, involving determining the optimal setpoints XC(;T D based on the current operating conditions and

ON/OFF sequence configuration. Agents 1 to 4 are responsible for allocation optimization problems related
to the cooling tower, cooling water pump, chiller, and chilled water pump. Their tasks are to determine the
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optimal ON/OFF sequence Xc(lit: g

based on the current operating conditions and setpoints. Agent 5 is tasked
with the load allocation optimization problem for the AHUs, ensuring that the cooling capacity meets the
demand of the conditioned rooms. In this research, we assume that the cooling capacity provided by AHUs
can satisfy the cooling demand of conditioned rooms, and the setpoints of supply air temperature and static
pressure will still be optimized on the premise of cooling demand. Each agent interacts with adjacent agents

to update its local state, and search for its local optimal solution.
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Fig. 6 Distributed application of AH-AFSA in BDI model based multi-agent system

As depicted in Fig. 2, the HVAC system can be divided into several subsystems based on the type of
component. To achieve global optimization under a multi-agent framework, each subsystem is considered as

an agent, containing only information relevant to its own system. For example, the input parameters of agent

X ®) and Z ©

1 (cooling tower agent) at iteration ¢ are X; o i.dis,ct

from adjacent agents. With this information,

m, and mcw of cooling tower at the current iteration can be calculated based on system models. All these

parameters serve as the environment for the agent's local optimization problem, allowing it to determine the
(t+1)

optimal action movement of each artificial fish. Similarly, its optimization result X; ;-

and corresponding

(t+1)
fitness Yi,dis,ct

will be broadcasted to adjacent agents. Then, it will calculate the global fitness based on Eq.
(48) while receiving the fitness of other agents. All artificial fish will repeat this process until either the
maximum number of actions is reached or the convergence conditions for both coordinating and component
agents are satisfied, ultimately producing the optimal solution. This example illustrates the interaction

process and optimal solution searching process for agent 1, and the same process applies to the other agents.

3. Experimental Research

3.1.  System overview

The simulation system prototype is based on the HVAC system of a public building in Jiaxing City,
China, covering a total area of 55,000 m?> with an air conditioning area of 49,000 m?. Fig. 7 shows the
22



schematic diagram of the system, which includes 3 chillers, 3 chilled water pumps (CHWPs), 3 cooling water
pumps (CWPs), 3 cooling towers (CTs), and 4 AHUs. These components are configured in two sizes (large
and small), which is a common configuration in practical systems to accommodate varying cooling loads.

The specifications of these components are provided in Table 2.
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Fig. 7 Schematic diagram of the HVAC system

The proposed method's performance will be evaluated using a multi-agent-based experimental platform,
as illustrated in Fig. 8. This platform integrates optimization-related packages and agent topology. Within
this setup, agents 1 to 5 are equipped with models of components such as cooling towers, cooling water
pumps, chillers, chilled water pumps, and air handling units, and are responsible for addressing allocation
optimization problems. Meanwhile, the coordinating agent is equipped with interaction models among

components and focuses on solving the diffusion optimization problem.

Table 2 Specifications of the main components of the HVAC system

Components Amount  Specifications
Chiller (large) 2 rated power: 323.0 kW; cooling capacity: 1758 kW; COP: 5.44; model: DCLC500N
Chiller (small) 1 rated power: 125.3 kW; cooling capacity: 721 kW; COP: 5.75; model: WCFX30SRC
CHWP (large) 2 rated power: 37.0 kW; flow rate: 330 m%/h; lift: 18.5 m-H2>0; model: DFSG200-315
CHWP (small) 1 rated power: 15.0 kW; flow rate: 136 m*/h; lift: 22 m-H20; model: DFSG150-160A
CWP (large) 2 rated power: 37.0 kW; flow rate: 410 m%/h; lift: 23 m-H20; model: DFSG200-315
CWP (small) 1 rated power: 15.0 kW; flow rate: 160 m%/h; lift: 22 m-H20; model: DFSG150-160A
rated power: 15.0 kW; water flow rate: 450 m?/h; air volume: 522000 m3/h; model: CEF-
CT (large) 2
450A
rated power: 7.5 kW; water flow rate: 250 m?/h; air volume: 260000 m3/h; model: CEF-
CT (small) 1
250A
AHU A rated power: 59.8 kW; cooling capacity: 787 kW; air volume: 114000 m3/h;

water flow rate: 90.4 m3/h; model: TBC3341CHW
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Fig. 8 Schematic of the multi-agent based experimental platform

3.2.  Model identification

Based on the models established in Section 2.1, the model coefficients are determined using system
historical operation data, with 70% allocated for identification and the remaining 30% for validation. The
model identification results are presented in Table 3 and Table 4, corresponding to the large and small
components, respectively.

Validation results are depicted in Fig. 9, where subgraphs (a) through (g) illustrate results for large
components, and subgraphs (h) through (1) present results for small components. It is evident from Fig. 9 that
the R? values of the models range from 0.902 to 0.984, indicating that the fitted models exhibit acceptable

accuracy for further study.
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Fig. 9 Model validation results of the system
Table 3 Model identification results of the large components
superscript 0 superscript 1 superscript 2 superscript 3 superscript 4 superscript 5
a 0.1632 0.3077 -0.1594 / / /
b -0.8795 -0.1169 -0.0010 0.1410 -0.0018 0.0031
c 0.0573 0.0940 0.0052 8.09E-05 / /
d 4.1528 7.1158 -0.5826 0.0053 / /
e / 5.60E-06 3.2895 5.7351 / /
g / 1.74E+05 1.03E+05 0.4610 / /
Table 4 Model identification results of the small components
superscript 0 superscript 1 superscript 2 superscript 3 superscript 4 superscript 5
a 0.3942 0.1756 0.0046 / / /
b -0.8153 -0.1150 -0.0009 0.1425 -0.0017 0.0027
c 0.0919 0.4825 0.3619 -0.2833 / /
d 3.0058 4.7342 -0.3982 0.0031 / /
e / 5.60E-06 3.2895 5.7351 / /
g / 1.16E+05 1.76E+05 0.8993 / /
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3.3. Optimization methods

To systematically evaluate the performance of the proposed method, comparison research will be
conducted considering energy consumption and computing efficiency under varying operating conditions.
The performance of the following four methods will be compared:

1. Method 1 (Constant): This is the conventional method that optimizes the system with constant
setpoints. Under this method, setpoints for x5 ~ x10 are set as 7 °C, 22 m-H,0, 5 °C, 30 °C, 18 °C and 900 Pa.
If the cooling capacity of a single chiller unit exceeds its rated capacity, another unit (preferably the small
component) should be loaded. Conversely, if the cooling capacity is below its rated capacity, one unit
(preferably the small component) should be unloaded. The ON/OFF sequence of pumps and cooling towers
corresponds to the chillers.

2. Method 2 (AHDE): An intelligent optimization method that optimizes setpoints using the differential
evolution algorithm [44]. The crossover probability and scaling factor of the algorithm are adaptively
adjusted during the search process, leading to superior performance in finding optimal results.

3. Method 3 (C-AFSA): An intelligent optimization method that optimizes setpoints using the algorithm
introduced in Section 2.2.1.

4. Method 4 (AH-AFSA): The proposed intelligent optimization method introduced in Section 2.2.4.

Table 5 Parameter settings of the three heuristic algorithms

population  maximum . scaling . crowding
framework ) ) crossover probability visual step
N iteration T factor factor 0
) [0.1,
AHDE centralized 20 100 [0.1, 0.6] 0.9] / / /
C-AFSA  centralized 20 100 / 20 0.618 [3,10]
multi- 20/ 0.618/
AH-AFSA 20 100 / [3,10]/1
agent 15 0.618

In this research, Methods 1, 2, and 3 will be implemented on a centralized control framework, while
Method 4 will be executed on a multi-agent control framework. The parameter settings for the three heuristic
algorithms (Methods 2, 3, and 4) are outlined in Table 5. For C-AFSA (Method 3) and AH-AFSA (Method
4), the parameter settings are consistent except for the discrete part. In this research, the visualsis and stepais
of AH-AFSA are set as 1.5 and 1, respectively. The feasible solution space of xs ~ x;o for the three heuristic
algorithms is as follows: 7 ~ 12 °C, 12 ~ 18 m-H;0, 4 ~ 6 °C, 28 ~ 36 °C, 16 ~ 20 °C, and 700 ~ 1200 Pa,

respectively.

3.4. Operating conditions

The building's annual cooling load and outdoor climate are simulated using the open-source simulation
software EnergyPlus [51]. Upon importing the building model, configuring the parameters, and calibrating
with available historical data, hourly results can be obtained, which include outdoor temperature, cooling
load, and specific enthalpy of outdoor air, as depicted in Fig. 10. For this study, data from the 3624 hour
(0:00 on June 1) to the 65515 hour (24:00 on September 30) are chosen as the cooling load data for the annual

26



cooling season, with a peak load of 3277.7 kW. This amounts to a total of 2928 hours of cooling load data,
which will be used to evaluate the optimization methods.

Additionally, three days of cooling load data are selected as typical days for evaluating the daily
performance of the optimization method from July, August, and September, respectively. The outdoor climate

and cooling load of these three typical days are presented in Fig. 11.
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Fig. 10 Simulation results of the building annual cooling load and outdoor climate
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Fig. 11 Outdoor climate and cooling load in the three typical days

4. Results and Discussion

4.1.  Daily performance

Fig. 12 illustrates the hourly power consumption of the system under four different optimization
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methods during three typical days, with operating conditions based on those shown in Fig. 11. It is clear that
the power consumption of the Constant method is notably higher than the other three intelligent methods,
especially during periods of high cooling load (from 9:00 am to 14:00 pm). This emphasizes the superior

performance of the variable setpoint optimization method in terms of energy conservation.
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Fig. 12 Hourly total power of the HVAC system in the three typical days
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Fig. 13  Electricity consumption of the HVAC system in the three typical days

Fig. 13 illustrates the total electricity consumption of the system during three typical days, with the
"relative energy savings'" item presenting the energy savings of the proposed AH-AFSA method relative to
the other methods. It can be observed that the AH-AFSA method achieves relative energy savings of 13.3%
to 17.7% compared to the Constant method, while the maximum relative energy savings compared to the
AHDE and C-AFSA methods are 2.4% and 1.0%, resulting in daily electricity reductions of 176.0 kWh and
33.2 kWh, respectively.

The results indicate that the total electricity consumptions of the HVAC system under the three
intelligent methods are not significantly different, suggesting that the differences in solution accuracy among
the three algorithms are minimal, and acceptable optimal solutions can be obtained within the maximum
iterations for each operating condition. Additionally, the solution accuracy of the three intelligent methods

can be mutually validated based on the results.
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Moreover, the energy-saving potential of the AH-AFSA method is slightly higher than that of the AHDE
and C-AFSA methods. These improvements can be attributed to the differences in handling the discrete
decision variables among the three algorithms. As mentioned in Section 2.2.3, the AH-AFSA algorithm can
directly search for optimal discrete decision variables in the binary space, ensuring search accuracy for
discrete variables. In contrast, the C-AFSA and AHDE algorithms optimize discrete decision variables using
SysConvert and rounding methods, leading to a loss of accuracy for discrete variables. This advantage of

AH-AFSA would be more pronounced in a large-scale HVAC system with more parallel units.
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Fig. 14 Iterations and time cost of different methods in a typical day

The computational efficiency of three intelligent algorithms in a typical day is analyzed by comparing
the iterations and computing time required to achieve convergence, as presented in Fig. 14 (a) and (b),
respectively.

By comparing the iterations, it is evident that the AHDE method requires relatively more iterations
compared to the other two methods during the optimization process, ranging from 20 to 70. Meanwhile, the
difference in iterations between C-AFSA and AH-AFSA is relatively small, with both being kept within 40
iterations. Additionally, the iterations of AH-AFSA can be limited to within 10 iterations at some operating
conditions, indicating that the search efficiency of AH-AFSA is slightly better than that of C-AFSA. This is
because AH-AFSA can directly search the discrete decision variables in the binary discrete space, while C-
AFSA first converts the binary discrete variables into integers and searches for the optimal solution in the
continuous space, then rounds the optimal result and converts it into binary variables. In comparison, AH-
AFSA does not involve an approximate rounding process, making it more efficient in solving the integer
programming problem (ON/OFF sequence).

Comparing the computing time, it is observed that the AH-AFSA algorithm requires the shortest time
to obtain the optimal solution. For the AHDE algorithm, the computation time for all operating points ranges
from 18 to 25 seconds, with an average of 21 seconds per operating point. The iteration of AH-AFSA can be
completed within 10 seconds at most operating conditions, while the computing time of C-AFSA ranges from
10 to 27 seconds. Although the difference in iterations between C-AFSA and AH-AFSA algorithms is not
obvious, the computing time of the former is relatively longer, indicating that AH-AFSA has higher

computational efficiency.
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Although the basic parameter settings of the C-AFSA and AH-AFSA algorithms are consistent in this
research, the application frameworks of these two algorithms are significantly different. Therefore, the results
illustrated in Fig. 14 also indicate that algorithm computational efficiency can be effectively improved under

the multi-agent framework, with relatively less time cost for each iteration.

4.2. Annual energy consumption

Fig. 15 illustrates the itemized annual electricity consumption of the HVAC system under different
optimization methods, with percentages indicating the energy savings of AH-AFSA relative to the other
methods for the same subitem. The annual electricity consumption of the three intelligent algorithms is
relatively close, with the relative energy savings of the AH-AFSA method being 2.5% and 0.9% compared
to the C-AFSA and AHDE methods, respectively, and as high as 18.9% compared to the conventional

Constant method.
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Fig. 15 The subitems of the system electricity consumption in the annual cooling season

Regarding the electricity consumption of the chillers, AHUs, and chilled water pumps, the relative
energy savings of the AH-AFSA method compared to the conventional Constant method are 19.6%, 24.0%,
and 13.2%, respectively. While the electricity consumption of AH-AFSA in terms of the cooling water pumps
and cooling tower fans is slightly higher than that of the Constant method, this is not consistent with the
common expectation that the energy consumption of all components would be reduced. This discrepancy
arises because the optimization objective in our research is to search for optimal results for the entire HVAC
system based on the trade-off characteristics among components. From the perspective of overall energy
efficiency, it is more beneficial to appropriately increase the cooling water flow and cooling tower air flow
to improve the overall energy efficiency of the HVAC system. The results also demonstrate that intelligent
methods are capable of achieving global optimization by balancing energy efficiency between individual
components and the whole system, even if it means sacrificing the energy efficiency of certain components

such as cooling water pumps and cooling tower fans.
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4.3. Computational efficiency

In Section 4.1, the computational efficiency of the three intelligent algorithms in daily performance has
been compared and discussed. To further compare the differences in computational performance between
centralized and distributed algorithms in solving the global optimization problem of HVAC systems, the
performance of C-AFSA and AH-AFSA on computational efficiency is compared in detail.

The principles of these two algorithms are similar, and the basic parameter settings are identical. The
main difference between these two algorithms is that C-AFSA is designed for centralized framework, while
AH-AFSA is designed for multi-agent framework. Therefore, the computational performance of these two
algorithms can represent the performance of algorithms under centralized and distributed frameworks,
respectively.

Fig. 16 illustrates the iterations of the C-AFSA and AH-AFSA algorithms under annual cooling
conditions, with corresponding statistical results presented in Table 6. Analysis of the data reveals that 60.3%
of all operating condition points reach the optimal solution within 20 iterations for AH-AFSA, totaling 1765
instances. Additionally, 3.2% of operating conditions achieve the optimal solution within 60 to 80 iterations.
In comparison, for C-AFSA, the respective proportions are 50.6% and 4.4%. Despite AH-AFSA
demonstrating slightly superior performance in terms of iterations according to the statistical results, the

overall difference between these two algorithms is not significant.
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Fig. 16 Comparison results of iteration between the centralized and multi-agent methods

Table 6 Statistical results of iterations

Iteration (times) 0~20 20~ 40 40 ~ 60 60 ~ 80
C-AFSA 1482 (50.6%) 887 (30.3%) 428 (14.6%) 130 (4.4%)
AH-AFSA 1764 (60.3%) 878 (30.0%) 190 (6.5%) 95 (3.2%)

Fig. 17 displays the computing time required to solve the optimal solution using the two algorithms
during the annual cooling season, with corresponding statistical results provided in Table 7. It's evident from

the figure that AH-AFSA outperforms C-AFSA significantly in terms of computing time, with the vast
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majority of operating conditions being completed within 15 seconds. Statistical analysis indicates that 89.0%
of operating conditions can be optimized within 10 seconds using AH-AFSA, and all conditions can be
completed within 20 seconds. In contrast, the computing time of the C-AFSA algorithm varies, occasionally
reaching 40 to 60 seconds for certain conditions. Overall, AH-AFSA completes the annual optimization in
35399.9 seconds, with an average computing time of 12.2 seconds per operating condition, while C-AFSA
requires 71905.2 seconds, averaging 26.5 seconds per condition. AH-AFSA achieves a 54.0% reduction in

computing time compared to C-AFSA.
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Fig. 17 Comparison results of computing time between the centralized and multi-agent methods

Table 7 Statistical results of the algorithm computing time

Computing time (s) 0~10 10~ 20 20~ 40 40 ~ 60
C-AFSA 1394 (47.6%) 1051 (35.9%) 390 (13.3%) 90 (3.1%)
AH-AFSA 2606 (89.0%) 321 (11.0%) 0 (0.0%) 0 (0.0%)

In summary, the analysis above demonstrates that AH-AFSA slightly surpasses the other two intelligent
algorithms, C-AFSA and AHDE, in terms of accuracy and energy-saving potential. This superiority stems
from AH-AFSA's ability to explore discrete decision variables in binary space, whereas the other algorithms
derive optimal discrete variables using SysConvert and rounding methods. Despite minor differences in
energy-saving potential among the three algorithms in the annual cooling season simulation, AH-AFSA
exhibits significantly better computational efficiency. A comparison of AH-AFSA and C-AFSA, both based
on AFSA but applied to different frameworks (multi-agent and centralized), reveals a 54.0% reduction in
time cost for the multi-agent framework. This advantage arises from the multi-agent framework's ability to
decompose complex optimization problems into sub-problems, facilitating collaborative optimization among
agents and ultimately improving algorithm efficiency.

The benefits of the multi-agent framework extend beyond computational efficiency to enhance operating
and debugging of HVAC systems. As system configurations become more complex and computational loads

heavier, scalability and plug-and-play capability become crucial under centralized framework. In contrast,
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the multi-agent framework offers delayering and modularization characteristics, with methodologies that are
generalizable and replicable. This framework also enhances fault tolerance and robustness during system
operation and debugging, thereby boosting the productivity of intelligent methods in larger and more complex
HVAC systems in the future. Recent research on agent-based optimization techniques is increasingly focusing
on data-driven techniques due to their ability to learn from dynamic environments and improve over time.
These techniques may have better accuracy on addressing complex dynamic optimization in HVAC system.
However, for the parametric optimization problems in this research, the heuristic optimization methods still
remain highly effective. Compared to the advanced data-driven techniques, such as reinforcement learning,
the proposed heuristic algorithm offers critical advantages, including easy implementation, lower
computational requirements, and no demand for extensive training data. These strengths are particularly

valuable when applied in the controllers of practical HVAC systems.

5. Conclusions

This paper addresses the decrease in computational efficiency of optimization methods for HVAC
systems under centralized framework due to increased system complexity. Based on the interacting
characteristics among system components, a multi-agent-based collaborative optimization method is
proposed to address the energy efficiency trade-off issues of complex HVAC systems containing parallel
units with multiple capacities. The reliability of the proposed method is demonstrated through simulation
research on a practical HVAC system, focusing on computational efficiency and energy savings potential.
The following conclusions can be drawn:

(1) The proposed method decomposes complex optimization problems into several simpler subproblems
and efficiently solves them. Additionally, it performs strong reconfigurability, enabling it to accommodate
systems with varying complexities and optimization objectives.

(2) In terms of energy-saving potential, the proposed collaborative optimization method can save
approximately 18.9% of electricity consumption compared to conventional methods. When compared to
other intelligent methods based on C-AFSA and AHDE, its relative energy saving is only 2.5% and 0.9%,
respectively.

(3) Regarding computational efficiency, the proposed multi-agent-based algorithm (AH-AFSA)
significantly outperforms the centralized algorithm (C-AFSA) with an average computing time of 12.2
seconds for each operating condition, saving about 54% of the time cost compared to C-AFSA under
centralized framework.

While the proposed collaborative optimization method has been validated on a real multi-agent system,
its comparison research has been limited to the conventional and AFSA-based methods. Future research will
explore superior methods within an agent-based framework, assessing their performance through practical
system implementations. The agent-based framework will be implemented using Raspberry Pi or other

suitable hardware to communicate with real HVAC components.

33



Acknowledgment

The work described in this paper was supported by the National Natural Science Foundation of China
(Grant No. 52408101, Grant No. 52478080, and Grant No. 52078096), the open Foundation of Anhui Jianzhu
University’s Anhui Province Key Laboratory of Intelligent Building & Building Energy Saving (Grant No.
IBES2022KF04), the Natural Science Foundation Joint Fund of Liaoning Province (Grant No. 2023-MSBA-
023), 2023 Dalian University of Technology-Cardiff University Cooperation and Exchange Foundation
Project, 2023 International Exchange Foundation Project of “Co-Creation of Excellence Program" from
Dalian University of Technology (Grant: DUTIO-ZG-202307), the Key Project of DUT for International
Students Studying and Researching in China: Innovation and Practice of Talent Cultivation Model in the

Field of Smart Buildings for the “Belt and Road" Initiative (Grant No. 1103—-82120001).

References

[1] Y. Cheng, S. Zhang, C. Huan, M.O. Oladokun, Z. Lin, Optimization on fresh outdoor air ratio of air conditioning
system with stratum ventilation for both targeted indoor air quality and maximal energy saving, Build Environ 147
(2019) 11-22. https://doi.org/10.1016/j.buildenv.2018.10.009.

[2] W. Li, C. Koo, S.H. Cha, T. Hong, J. Oh, A novel real-time method for HVAC system operation to improve indoor
environmental quality in meeting rooms, Build Environ 144 (2018) 365-385.
https://doi.org/10.1016/j.buildenv.2018.08.046.

[3] S.J. Cao, C. Ren, Ventilation control strategy using low-dimensional linear ventilation models and artificial neural
network, Build Environ 144 (2018) 316-333. https://doi.org/10.1016/j.buildenv.2018.08.032.

[4] X. Wei, G. Xu, A. Kusiak, Modeling and optimization of a chiller plant, Energy 73 (2014) 898-907.
https://doi.org/10.1016/j.energy.2014.06.102.

[5] D. Zhuang, V.J.L. Gan, Z. Duygu Tekler, A. Chong, S. Tian, X. Shi, Data-driven predictive control for smart HVAC
system in loT-integrated buildings with time-series forecasting and reinforcement learning, Appl Energy 338 (2023)
120936. https://doi.org/10.1016/j.apenergy.2023.120936.

[6] W. Xiong, J. Wang, A semi-physical static model for optimizing power consumption of HVAC systems, Control Eng
Pract 96 (2020) 104312. https://doi.org/10.1016/j.conengprac.2020.104312.

[7] N.-C. Seong, J.-H. Kim, W. Choi, Optimal Control Strategy for Variable Air Volume Air-Conditioning Systems Using
Genetic Algorithms, Sustainability 11 (2019) 5122. https://doi.org/10.3390/sul1185122.

[8] L. Lu, W. Cai, Y.C. Soh, L. Xie, Global optimization for overall HVAC systems—Part II problem solution and
simulations, Energy Convers Manag 46 (2005) 1015—1028. https://doi.org/10.1016/j.enconman.2004.06.011.

[9] J. Seo, R. Ooka, J.T. Kim, Y. Nam, Optimization of the HVAC system design to minimize primary energy demand,
Energy Build 76 (2014) 102—108. https://doi.org/10.1016/j.enbuild.2014.02.034.

[10] A. Kusiak, G. Xu, Modeling and optimization of HVAC systems using a dynamic neural network, Energy 42 (2012)
241-250. https://doi.org/10.1016/j.energy.2012.03.063.

[11] Y.-E. Jang, Y.-J. Kim, J.P.S. Catalao, Optimal HVAC System Operation Using Online Learning of Interconnected
Neural Networks, IEEE Trans Smart Grid 12 (2021) 3030-3042. https://doi.org/10.1109/TSG.2021.3051564.

34



[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

(23]

[26]

[27]

[28]

[29]

A. Kusiak, M. Li, F. Tang, Modeling and optimization of HVAC energy consumption, Appl Energy 87 (2010) 3092
3102. https://doi.org/10.1016/j.apenergy.2010.04.008.

Z. Afroz, G.M. Shafiullah, T. Urmee, M.A. Shoeb, G. Higgins, Predictive modelling and optimization of HVAC
systems using neural network and particle swarm optimization algorithm, Build Environ 209 (2022) 108681.
https://doi.org/10.1016/j.buildenv.2021.108681.

A. Kusiak, G. Xu, F. Tang, Optimization of an HVAC system with a strength multi-objective particle-swarm algorithm,
Energy 36 (2011) 5935-5943. https://doi.org/10.1016/j.energy.2011.08.024.

X. He, Z. Zhang, A. Kusiak, Performance optimization of HVAC systems with computational intelligence algorithms,
Energy Build 81 (2014) 371-380. https://doi.org/10.1016/j.enbuild.2014.06.021.

L. dos S. Coelho, V.C. Mariani, Improved firefly algorithm approach applied to chiller loading for energy conservation,
Energy Build 59 (2013) 273-278. https://doi.org/10.1016/j.enbuild.2012.11.030.

X. Zhang, K.F. Fong, S.Y. Yuen, A novel artificial bee colony algorithm for HVAC optimization problems, HVAC&R
Res 19 (2013) 715-731. https://doi.org/10.1080/10789669.2013.803915.

L. dos S. Coelho, A. Askarzadeh, An enhanced bat algorithm approach for reducing electrical power consumption of
air conditioning systems based on differential operator, Appl Therm Eng 99 (2016) 834—840.
https://doi.org/10.1016/j.applthermaleng.2016.01.155.

Nasruddin, Sholahudin, P. Satrio, T.M.I. Mahlia, N. Giannetti, K. Saito, Optimization of HVAC system energy
consumption in a building using artificial neural network and multi-objective genetic algorithm, Sustainable Energy
Technologies and Assessments 35 (2019) 48—57. https://doi.org/10.1016/j.seta.2019.06.002.

L. Li, Y. Fu, J.C.H. Fung, H. Qu, A.K.H. Lau, Development of a back-propagation neural network and adaptive grey
wolf optimizer algorithm for thermal comfort and energy consumption prediction and optimization, Energy Build 253
(2021) 111439. https://doi.org/10.1016/j.enbuild.2021.111439.

J. Reynolds, Y. Rezgui, A. Kwan, S. Piriou, A zone-level, building energy optimisation combining an artificial neural
network, a genetic algorithm, and model predictive control, Energy 151 (2018) 729-739.
https://doi.org/10.1016/j.energy.2018.03.113.

L.T. Le, H. Nguyen, J. Dou, J. Zhou, A Comparative Study of PSO-ANN, GA-ANN, ICA-ANN, and ABC-ANN in
Estimating the Heating Load of Buildings’ Energy Efficiency for Smart City Planning, Applied Sciences 9 (2019)
2630.

https://doi.org/10.3390/app9132630.

W.-S. Lee, Y.-T. Chen, Y. Kao, Optimal chiller loading by differential evolution algorithm for reducing energy
consumption, Energy Build 43 (2011) 599—604. https://doi.org/10.1016/j.enbuild.2010.10.028.

Z. Li, J. Guo, X. Gao, X. Yang, Y.-L. He, A multi-strategy improved sparrow search algorithm of large-scale
refrigeration system: Optimal loading distribution of chillers, Appl Energy 349 (2023) 121623.
https://doi.org/10.1016/j.apenergy.2023.121623.

Z. Zheng, J. Li, P. Duan, Optimal chiller loading by improved artificial fish swarm algorithm for energy saving, Math
Comput Simul 155 (2019) 227-243. https://doi.org/10.1016/j.matcom.2018.04.013.

L. dos S. Coelho, C.E. Klein, S.L. Sabat, V.C. Mariani, Optimal chiller loading for energy conservation using a new
differential cuckoo search approach, Energy 75 (2014) 237-243. https://doi.org/10.1016/j.energy.2014.07.060.

Z. Zheng, J. Li, Optimal chiller loading by improved invasive weed optimization algorithm for reducing energy
consumption, Energy Build 161 (2018) 80—88. https://doi.org/10.1016/j.enbuild.2017.12.020.

H. Yu, T. Zhao, J. Zhang, Development of a distributed artificial fish swarm algorithm to optimize pumps working in
parallel mode, Sci Technol Built Environ 24 (2018) 248-258. https://doi.org/10.1080/23744731.2017.1375011.

W. Li, S. Wang, A multi-agent based distributed approach for optimal control of multi-zone ventilation systems

considering  indoor  air quality and energy use, Appl Energy 275 (2020) 115371.

35



[30]

[31]

[32]

[33]

[34]

[33]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[43]

[46]

[47]
[48]

https://doi.org/10.1016/j.apenergy.2020.115371.

T.I. Salsbury, K. Devaprasad, R. Lutes, A.P. Rogers, Smarter building start — A distributed solution, Energy Build 282
(2023) 112776. https://doi.org/10.1016/j.enbuild.2023.112776.

Z. Wang, Y. Zhao, C. Zhang, P. Ma, X. Liu, A general multi agent-based distributed framework for optimal control of
building HVAC systems, Journal of Building Engineering 52 (2022) 104498.
https://doi.org/10.1016/j.jobe.2022.104498.

G.Y. Jin, W.J. Cai, L. Lu, E.L. Lee, A. Chiang, A simplified modeling of mechanical cooling tower for control and
optimization of HVAC systems, Energy Convers Manag 48 (2007) 355-365.
https://doi.org/10.1016/j.enconman.2006.07.010.

K. Ma, M. Liu, J. Zhang, Online optimization method of cooling water system based on the heat transfer model for
cooling tower, Energy 231 (2021) 120896. https://doi.org/10.1016/j.energy.2021.120896.

Y.W. Wang, W.J. Cai, Y.C. Soh, S.J. Li, L. Lu, L. Xie, A simplified modeling of cooling coils for control and
optimization of HVAC systems, Energy Convers Manag 45 (2004) 2915-2930.
https://doi.org/10.1016/j.enconman.2003.12.024.

T. Zhao, J. Wang, M. Xu, K. Li, An online predictive control method with the temperature based multivariable linear
regression model for a typical chiller plant system, Build Simul 13 (2020) 335-348. https://doi.org/10.1007/s12273-
019-0576-7.

T. Zhao, J. Wang, P. Fu, X. Wu, Study on simplified energy-efficient control methods of HVAC cooling water system
from the global online optimization perspective, Energy Sci Eng 9 (2021) 464—482. https://doi.org/10.1002/ese3.861.
K. SEOW, K. SIM, Collaborative assignment using belief-desire-intention agent modeling and negotiation with
speedup strategies, Inf Sci (N Y) 178 (2008) 1110—1132. https://doi.org/10.1016/j.ins.2007.09.024.

T. Labeodan, K. Aduda, G. Boxem, W. Zeiler, On the application of multi-agent systems in buildings for improved
building operations, performance and smart grid interaction — A survey, Renewable and Sustainable Energy Reviews
50 (2015) 1405—1414. https://doi.org/10.1016/j.rser.2015.05.081.

P. DAVIDSSON, M. BOMAN, Distributed monitoring and control of office buildings by embedded agents, Inf Sci (N
Y) 171 (2005) 293-307. https://doi.org/10.1016/].in5.2004.09.007.

Z. Wang, L. Wang, A.1L. Dounis, R. Yang, Multi-agent control system with information fusion based comfort model for
smart buildings, Appl Energy 99 (2012) 247-254. https://doi.org/10.1016/j.apenergy.2012.05.020.

R. Yang, L. Wang, Development of multi-agent system for building energy and comfort management based on
occupant behaviors, Energy Build 56 (2013) 1-7. https://doi.org/10.1016/j.enbuild.2012.10.025.

J. Cai, D. Kim, R. Jaramillo, J.E. Braun, J. Hu, A general multi-agent control approach for building energy system
optimization, Energy Build 127 (2016) 337-351. https://doi.org/10.1016/j.enbuild.2016.05.040.

R. Tang, S. Wang, H. Li, Game theory based interactive demand side management responding to dynamic pricing in
price-based  demand  response of  smart grids, Appl Energy 250 (2019) 118-130.
https://doi.org/10.1016/j.apenergy.2019.04.177.

J. Wang, T. Zhao, Medium spatiotemporal characteristics based global optimization method for energy efficiency
trade-off issue in variable flow rate HVAC system, Appl Therm Eng (2024) 123132.
https://doi.org/10.1016/j.applthermaleng.2024.123132.

W.F. Stoecker, Procedures for simulating the performance of components and systems for energy calculations, Third,
United States, 1975.

ASHRAE, HVAC Systems and Equipment, American Society of Heating, Refrigerating and Air-Conditioning
Engineers Inc., 2008.

Kreider, JanF, Heating and cooling of buildings:design for efficiency, McGraw-Hill, 1994.

Y.-W. Wang, W.-J. Cai, Y.-C. Soh, S.-J. Li, L. Lu, L. Xie, A simplified modeling of cooling coils for control and

36



[49]

[50]

[51]

optimization of HVAC systems, Energy Convers Manag 45 (2004) 2915-2930.
https://doi.org/10.1016/j.enconman.2003.12.024.

X. Li, Z. Shao, J. Qian, An Optimizing Method Based on Autonomous Animats: Fish-warm Algorithm, Systems
Engineering-Theory & Practice 22 (2002) 32-38.

X. Li, F. Ly, G. Tian, J. Qian, Applications of artificial fish school algorithm in combinatorial optimization problems,
Journal of Shandong University (Engineering Science) 34 (2004) 64—67.

https://energyplus.net/, U.S. Department of Energy’s (DOE) Building Technologies Office (BTO), National
Renewable Energy Laboratory (NREL) (2023).

37



