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21 Abstract

23 Chillers are responsible for almost half of the total energy demand in buildings. Hence, the obligation of control systems of multi-
24 chiller due to changes indoor environments is one of the most significant parts of a smart building. Such a controller is described
25 35 a nonlinear and multi-objective algorithm, and its fabrication is crucial to achieving the optimal balance between indoor
thermal comfort and running a minimum number of chillers. This work proposes deep clustering of cooperative multi-agent

og reinforcement learning (DCCMARL) as well-suited to such system control, which supports centralized control by learning of

29 agents. In MARL, since the learning of agents is based on discrete sets of actions and stats, this drawback significantly affects the
30 model of agents for representing their actions with efficient performance. This drawback becomes considerably worse when

31 increasing the number of agents, due to the increased complexity of solving MARL, which makes modeling policy very
challenging. Therefore, the DCCMARL of multi-objective reinforcement learning is leveraging powerful frameworks of a hybrid
clustering algorithm to deal with complexity and uncertainty, which is a critical factor that influences to the achievement of high
35 levels of a performance action. The results showed that the ability of agents to manipulate the behavior of the smart building could
36 improve indoor thermal conditions, as well as save energy up to 44.5% compared to conventional methods. It seems reasonable to
37 conclude that agents' performance is influenced by what type of model structure.

39 Keywords: Optimal chiller sequencing control (OCSC); multi-unit residential buildings; Clustering of multi-agent reinforcement
40 learning (MARL) policy; Hybrid layer model; Takagi—Sugeno Fuzzy (TSF) identification; Multi-objective reinforcement learning
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54 Ma: main cooling coil valve position (open%) Aw: indoor-outdoor humidity ratio difference, kg, /kgqa
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w: humidity ratio, kg, /kgq. out: outside

U: latent heat/ heat transfer coefficient, J/kg, W /(m?. °C) os: outside supply
Q: cooling load, W i: inside
CF: surface cooling factor, W /m? He: heat exchanger
U: construction U-factor, W /(m?2. °C) a: the air

AT: cooling design temperature difference, °C w: water

DR: cooling daily range, °C aHe: air in the heat exchanger

CFep: surface cooling factor, W /m? L: leakage

Unrre: fenestration U-factor, W /(m?. °C) Win: water input

W, Water output
WI: wall

PXI: peak exterior irradiance, W /m?

SHGC: Solar heat gain coefficient

— . . - room: inside room
IAC: interior shading attenuation coefficient

. out: outside room
FF: fenestration solar load factor

. . - glass
Ty: transmission of the exterior attachment 9-9
. . . . the heat of vaporization
Fg,q: fraction of the fenestration shaded by overhangs or fins 1 P
Opq: opaque

s. State
. inf: infiltration
SLF: shade line factor inf

fen: fenestration
Dop: depth of the overhang, m

. . . t: time slot index
X,n: vertical distance from the top of the fenestration to the overhang, m

flue: flue effective
F: shade fraction closed (0 to 1) ue

N . exposed
K: turbulent kinetic energy (m?/s?) es: &

o 1: unit leakage
RNG: Renormalization group 4 g

. ig: internal gains
. exposure (surface azimuth), measured as degrees from the south g g

l: latent

V: volumetric flow rate, L/s .
fur: furniture

DF: infiltration driving force, L/(s. cm?)
cl: closed

1. Introduction

The growing rate of urbanization and the exponential increase of populations in the next couple of decades leads to an expansion
in the building sector, particularly residential buildings [1]. The energy consumed by the global buildings sector is a public
concern because of shows a significant amount of high growth in the usage rate over the years, which could cause severe effects
on the environment [2]. The analysis of the residential building sector can be taken alone, where it is responsible for around 17%
of global carbon emissions and 22% of energy consumption [3, 4]. In developed countries, the residential building consumes 48%
of the total energy generated in such countries, and most of this energy is consumed by heating, ventilation, and air-conditioning
(HVAC) systems [5, 6]. It is well known that chiller plants consume more than half of the total energy used in the HVAC system
[7]. The highest coefficient of performance (COP) of chillers occurs at a full load, whereas the cooling load of the building
changes hourly from time to time, so the single chiller system needs to operate at part load with a reduced COP for most of the
time [8]. Therefore, the chiller’s operation strategies of HVAC systems are highly effective in energy-saving based on their
configuration, single or multi-chiller, and whether the multi-chiller is equal in size (symmetric) or different sizes (sequential) [9].
In general, the capacities of chillers in multiple-chiller systems are identical due to the convenience of control, installation, and
maintenance [10]. The sequential or different sizes of multi-chillers are the best energy-efficient system due to allowing more
alternative scenarios of choosing the appropriate chiller size to meet the current cooling load [11, 12]. The staging up and down of
sequential chillers is essential to running an optimal number of chillers to meet the cooling load. Accordingly, optimal chiller
sequencing control (OCSC) provides evidence of potential energy savings and reduced emissions to protect the environment [13].
A programmable logic controller (PLC) is a pioneer in managing the sequencing of the multi-chiller to control chilled water
temperature [14]. The previous studies reported that the chiller sequencing control by PLC needs a state machine algorithm to
define which chillers are online or offline, according to four methods to indicate the cooling load: return chilled water
temperature, direct power, bypass flow, and cooling load [15, 16]. In addition, the transition state to reducing or adding the
number of operating chillers by the state machine needs a dead band to reduce the switching frequency around which the chillers
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be online or offline. The drawbacks above are among the significant challenges facing implementing chiller sequencing control.
Furthermore, the conventional multiple chiller plants can be managed by the sequencing control method, which has limitations
such as not providing the optimal load distribution and running an inappropriate number of operating chillers [17, 18]. Some
researchers are intended to address these limitations by implementing the model predictive control (MPC) [18]. Although the
PMC is robust to both disturbances and time-varying parameters and coefficient of performance (COP) improvements, it needs to
identify the system’s proper model, which can be challenging [19]. Thus, the MPC involves a complex model to get high-quality
nonlinear model fit and expends a lot of time for more calculations [20].

Intelligent systems, such as fuzzy logic control, can be used to achieve optimal chiller sequence operation [21]. Such optimization
is of great importance for the operation of the multi-chiller plants to ensure a reduction in operation time and cooling energy
generation and thus should force the sequencing control to save energy. The Mamdani fuzzy inference system (MFIS) can satisfy
these competing goals [22]. In this regard, Chen et al. [23] verified the effectiveness of the MFIS in causing a significant reduction
of total energy consumption compared to the PLC conventional system. However, obtaining such a fuzzy inference system is
challenging, particularly for antecedent and consequent parameters of rules, since the dynamic process of HVAC systems of such
systems is complex [24]. Another challenge with MFIS for ensuring multiple ambiguous crisp outputs is the associated parameter
tuning during the training process [25].

The challenges for conventional OCSC are to provide optimal load distribution over all chillers and set an inappropriate number
of operating chillers [26]. In recent years reinforcement learning (RL) has emerged as one of the most techniques to deal with such
challenges and optimization methods to reduce the energy consumption of the plant chiller. The RL is demonstrated to be an
alternative to rule-based decision-making in energy management and does not require a tuple fuzzy linguistic representation
model [27]. RL, a subfield of machine learning, aims to use collected data to determine the best course of action. When
developing a policy model, RL can be divided into two subfields of unsupervised machine learning: model-based and model-free
[28]. Although the broad classification of model-based, and model-free show unique advantages, both are needed for offline
learning into the optimization phase, which is quite different from traditional MPC. The model-free combines the information
from the environment with previous estimates or beliefs about state values. Therefore, it is less statistical efficiency than the
model-based, which is used the information directly [29].

One significant challenge when using model-based RL is representing the states of the environment defined by dynamic models to
obtain datasets passed to the training process [30]. During the initial training period, the agent can improve its policy on the tasks
even if the stats are held constant and this period can be extended when increasing the number of states [31]. Regardless of the
training period and time-consuming, it is essential to robustly solve challenging decision problems during the training and
operation periods. Obtaining tabular model data sets of each agent's policy requires a model of policy whereby the agent's action
decisions are represented. Several technologies can represent the policy model, some of which have demonstrated exemplary
performance on simulated policy data [29].

The neural network deep learning is one of the significant literary involved in the black-box model to represent an agent's policy
[32]. Such a model is called deep reinforcement learning (DRL), which comes to handling large state spaces [33]. The DRL isa
category of advanced machine learning techniques that enable agents to learn from past actions, which are generated based on
rewards or penalizes. The combined deep learning (DL) with RL provided high-dimensional action spaces or continuous actions,
making a new structure able to solve much more challenging problems [34]. And such a model agent structure has shown great
potential for sequential decision-making. Thus, enabling the algorithm to react and change the staging of sequential chillers
profitably to follow the fluctuating cooling loads of the building. The application of DRL that runs on OCSC shows effectiveness
in performance compared to conventional controllers [35].

The multi-input multi-output (MIMO) system uses many agents to interact with each other and the different operating
environments. The numerous mechanical and electrical systems in buildings can be controlled by multi-agent. Integrating multi-
agent in the building is linked to the increase of energy efficiency and cooperated agent of chillers is one of the most important
goals for achieving energy saving [36]. This will disable the DRLs while the number of agents is increased due to increased data
of the environment and the consequent degradation of agents' performances [37]. The best representation learning model is called
the clustering method, where no new technique can outperform the representation of agents' policies in the clustering approach
[30].

From the literature can be concluded that the case of running an HVAC system under part-load conditions needs sequential
features for types of the multi chiller to increase operational feasibility and COP by using multi-objective reinforcement learning
(MORL) [38]. In addition, to achieve energy-saving and improve occupants' satisfaction in intelligent buildings, the multi-agent
system approach is essential for tackling the complexity of control buildings. Many studies were carried out to solve intelligent
building operations by subdividing them into smaller tasks that are controlled autonomously entities, known as agents [39]. Based
on how agents are incentivized, there are three broad categories of multiagent systems (MAS): cooperative, competitive, and
mixed (agents compromise with their reward by enabling both sides to cooperative and competitive mode based on conditions).
When developing a policy model, RL may be broken down into two subfields of unsupervised machine learning: model-based and
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model-free [40]. The recent work by Pinto et al. [41] proves that harmonious architecture outperforms others in terms of energy
saving and cost.

In this study, the integration of deep clustering into RL for the cooperative multi-agent policy is applied to deal with a large
amount of training data when state and action spaces are continuous. The objective of the proposed deep clustering of cooperative
MARL (DCCMARL) is to train hybrid layers of multiple agents based on a clustering algorithm to obtain the redoubled goal. The
proposed clustering structure of a cooperative of various agents can handle both ultra-large data volumes of sets and actions due to
such design allowing the distribution of more spaces and flexibility to the storage of learning operations than traditional DRL. The
proposed strategy DCCMARL has adopted by using the varied capacity of multiple-chiller to make energy-saving the main
objective. Furthermore, the DCCMARL tackles two tricky problems associated with conventional controllers: First, decoupling
chillers operation, where the water loop is decoupled into a primary chiller loop and secondary air handling unit (AHU) loop by a
bypass line; second, the conventional controller needs to tune the dead-band to avoid chattering of the switch on/off as shown in
Fig. 1. It should be noted that the dependent variable of thresholds is the time axis in Fig. 1 which is a function of the
instantaneous cooling load of the building and thus leads to switching on/off of the chillers.

The main contribution of the proposed DCCMARL in the study of RL is to handle massive amounts of data sets and reduce the
convergence time. This is achieved by implementing a TSF-based multi-agent policy for the sequential control of three sequential
chiller techniques and other building appliances, a difficult task for conventional controllers to handle. Furthermore, adopting a
hybrid clustering algorithm based on the reward of the Markov Decision Process (MDP) makes it focused on fast and accurate
decisions. Moreover, the optimization algorithm of nonlinear least squares regression (NLSR) significantly helped to cooperate
effectively on developing policies of heterogeneous MARL (each agent has different input and output target). So, the main
contributions of this work can be summarized as follows:

1- The HVAC control system is formulated based on MDP, with definitions of RL terms (state, action, and reward) to be data-
driven, which requires learning a DCCMARL.

2- The structure of a design technique of DCCMARL is strongly emphasized in the adoption of capturing a large number of
datasets, which allows the multi-agent to handle dynamic large-scale domains of multi-action.

3- The NLSR is used to optimize the parameters and weights in a hybrid network structure to represent agents' policies.

4- The multi-agent systems (MAS) are integrated into a cluster model-based to save energy for the HVAC system's AHUs and

multi-chiller.
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Fig. 1. Multiple-chiller sequencing principle for a decoupled loop.

2. Parametric Design of Modelling and Problem

Following a problem statement that is well-structured based on the Markov decision process (MDP), this part attempts to specify
the combination of AHUs and multi-chiller plants to construct an HVAC system hygrothermal model that is easily combined with
the building model.

2.1. Whole-building Hygrothermal Modeling
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The hygrothermal design model of the HVAC systems and building can assess precisely the response of indoor conditions in
terms of thermal comfort and moisture loads to provide a set of RL environment states. The dynamic environment states (state
transition) are essential to keep active learning in model-based reinforcement learning (MBRL). The dynamic states of whole-
building (chillers, AHUs, and building structure) are affected by internal and external environmental factors. In order to face
unexpected disturbances in both factors, the previous works divided the hygrothermal model into six major sub-models due to a
large number of variables being required to represent such a model, as described by Eq. (1) [42-46].

The Building Structures State Equation

The Whole HVAC State Equation

"k, ] - mos . Output Equation
T (1) my
T, r;w
fDR m ? [ Trr(t) ]
[X] = f(X,£) + G(X, 1) | Astap oy I T.(t) |
ks [X] = F&x,0) + X, 1) T | RH-(®) | = h(x, ) (1)
f4 kr | Uar(t) |
(‘UO (t) ASlzab lTochil(t)J
L Qig,l - FDT
fi
Qial -

where the vector of X € R™ is assigned to the states, T,.(¢t) and T,..(t) are the model outputs variables of indoor temperature and

indoor radiant temperature respectively, OC, RH,.(t) is the model output of indoor relative humidity, %, v, (t) is the model output

of indoor air velocity, m/s, T, . (t) is the model output representing cooling water output temperature, °C, and the inputs and

chil
Zj AW], UjOFb+Zj AW], UjOF-DR

. disturbance factor
Xj ij UjOF+Y ijhij

disturbance variables are T,(t) is outside a building temperature, OC, k, =

because of variation in the incident solar radiation influence on the building and thermal resistance of the walls and ceiling against

iAy . hi.
Z} witi

Xj AW]. UjOF+Yj AW], hi]-

heat conduction, k3 = : the disturbance factor of dynamic convection heat transfer and thermal resistance to

heat flow by convection, Ay, is an influencing factor in slab floor area, f; = C; X A, X IDF + 1i,.,cp, (W /k) : the ventilation
and infiltration factors of sensible cooling load added to the indoor space by disturbance factor of outdoor temperature variation,

for 1s @ location factor that affects climate by focusing on existing wind patterns, topography, deforestations, elevation/altitude, etc.,

w, : the disturbance factor in the surrounding environment because of the humidity of the air outdoor (%), fa = fren + 136 +

2.2A.f + 22N, (W) : the disturbance factor from an indoor generated gain related to sensible cooling load sources such as radiation
emitted by the occupants, illumination, and indoor equipment, and Qig,l : the disturbance factor of latent heat emitted by indoor
sources (people and equipment), (W).

The overall transfer function for a system composed of subsystems in relating inputs to outputs is the product of the transfer functions
of the individual subsystems elements, where the product variables (outputs) are inputs to the predicted mean vote (PMV), as shown
in Fig.2. The PMV enables to evaluate of indoor conditions, from the outputs of the overall transfer function in Fig.2, it is possible
to obtain RH,.(t) since w, (s) is a function of time for output equation h(X, t) by RH,.(t). Therefore, the output equation h(X, t)
signal passed through the inputs of the PMV transfer function can be expressed as Equation (2) derived by [47, 48].

T,..(t)
_ T,(t)
PMV =TF REL() 2
Vg (1)
5
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Fig. 2. lllustrates the schematic representation of the interactions between sub-systems of the whole building (chillers, AHUs and building
structure).

2.2. The framework of multi-agent RL
The multi-agent of a building learns the values of actions in sequential decision-making by interacting with its environment to
save energy while maintaining the desired indoor conditions. The decision of an intelligent agent can be predicted based on
addressing the dynamic scheduling (exploration) which is directly influenced by current building stats and various factors that
interfere with environmental disturbance. The following building stats (room humidity and temperature and outlet chilled water
temperature) are possibly obtained after carrying out a step in the experience batch (tuples) sampled during MDP training, then
will pass into successor states. In the MDP framework, transition probabilities to the following states (s') depend only on the
current state (s) and not on the history of the past changes for states (stationary policies) due to each current state at the experience
tuple is collected all relevant data on the previous state. The transition probability matrix (P) defined in Eq. 3 has the probability
distribution based on a discrete mathematical formula, which can represent each given condition of whole building stats. In this
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matrix, the model has systemized mapping from state-action pairs to the next states (S¢.1 = P(Ust,atr Ost.ar)), Where pig .= set of
transition function parameters and 8, 5, = mean function.

Sit41 Sae41 Snt+1
Sl,t |'p1'1 PI,Z Pl,n -|
Pss’ = S%rt Pyq Py, L P @)
Sn,t Pn’]- Pn’Z voe Pn’n

where p, is the probabilities matrix of transition from one state to another, S is denoted by S, and S’ is denoted by S,,; where
S and S’ represent the current state and the next state, respectively.

The unsupervised control of chillers, AHUs, and building structure can be modeled as an MDP with an effective total rewards
strategy (under the energy-saving criterion and recommended indoor conditions) and solved through machine learning techniques.
Thus, the dynamic RL algorithm is formulated as MDPs of sequential decision-making to enable agents in such domains of the
whole building to evaluate action policies. In general, the finite MDP is clearly described by an ordered repeating set consisting of
5-tuple (S, A, P, R, y) specifies what actions should be taken from each state, where s; €S is the states of inside/outside air
condition and chillers outlet temperature at time-dependent t, a; €A is a finite set of actions available in each state at time-
dependent t, P (sw+1]St, &) is called the transition probability of the process moving from state (s) to state (s") after the agent
observes current states and picks actions, r (s, a;) €R is a reward obtained by the agent from that particular state at time step t,
and y € [0,1] is a notion of the discount factor.

The agent in MDP needs to have the ability to get its optimal policy; RL is one of the most important tools of machine learning
used to create an optimal policy model based on data gathered from an environment. The agents’ objective is to identify actions
that maximize the discounted sum of future rewards by accumulating over time, this return estimated by the value function of a
state V(s). To solve the approximate V(s) in an iterative algorithm, Bellman's equation is the most suitable and crucial tool for
obtaining the optimal value of the V(s). To formulate a recursive and explicit function of arithmetic sequences, we need to
consider two factors: the first represents an accumulated reward over its sequence of actions, and the second is related to the value
of the following state-action value. Researchers can express this in two ways: an algebraic equation (4) or a square matrix
equation (5).

V) =R+ 7 ) post V(") )
s'es
where R, is a scalar reward representing the actual return to an agent while transitioning from state (s) to state (s"), V(S") isa

value function of the next state, y is a discounted future reward.

V(1) R, [ P, P Pl.n] V(1)
V(2)| _ |R2 Py Py L P V()

N il N R : C ] ©)
V(n) Ry an,l Pn,z Pn,n J V(n)

The cooperative multi-agent systems (CMAS) are interacted with each other and distribute decision policies for agents according
to the current states to coordinate their actions; these manipulative actions techniques involve changes in the building's ventilation,
indoor temperature, OCSC, lighting, and so on. The main parameters that dynamically affect manipulating stats are close/opening
windows/doors, dimming/Brightening or turning On/Off lights, OCSC, adjusting the chilled water valve position, etc. By such
sets of actions, the learning agent happens during a series of discrete-time. At every timestep t, the agents send these actions {U =
Ugioswin, Uapenwin: uﬁnugh, .. Uppenvar}- IN physical space, the agents perform their actions in sets A = {a’, a?,...,a”} of the
OCSC, including all manipulated parameters to achieve energy saving by learning policies of MAS using the multi-objective
optimization algorithm, i.e., p = m™°-£9%, The equation p (a finite set of sampled MAS actions) is polynomially growing up
rapidly according to the number of state variables. This suggests that the performance of agent actions degrades significantly as
the size of the stats dataset increases due to the exponential growth of the mathematical space of action sets A. Although RL is one
of the most suited methods for resolving MDP and making optimum decisions based on data sampled from the environment,
multi-agent actions deteriorate their effectiveness as the nonlinearity of state space in an environment and the number of states
increase. Furthermore, the Bellman optimality equation provides a recursive formulation to obtain the optimal value function in an
MDP, applying a Bellman equation in the optimal V*(s) given by Eq.6.
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V*(s) = max (Rz 1) g V*<S'>> ®)

s'es

The scalar reward (or cost) functions that species the reinforcement signal generated from the environment in each state to
evaluate the multi-policy scenario of the MDP. The mathematical framework for modeling decision-making is long-term
described in a tuple of five elements (S, A, P, R, y) based on the reward of MDP, which can be expressed as connection weights
adjusted according to time, where the highest optimal value of the rewards is the incumbent solution at time t. The tuple of MDP
adopts a MORL algorithm that needs to tune its elements by training the multi-agent according to the reward function, which
enforces a priority level based on the agent in order, thus achieving a sufficient level of precision in path-finding. After describing
the relationship of the reward function and then balancing the trade-off between energy consumption and thermal comfort, the
following Eqgs. 7, 8 described the feedback reward of the agent of the chilled water valve.

0, ifT, < (Tiﬁ,i J; T&Z&)
o= 0
tl, otherwise
2T, — Tott — Ttk \? 2RH, — RHifl, — RHiL\?
R(ON, titcy, Ty, RHy) = —ON * y | Britey, + r( —" M“") + a)< - > M“") ®)

where the ON(T,) the signal is a function of the outdoor temperature used to turn off all chillers (ON = 0); thus, when the outdoor
temperature is less than the upper dead-band desired temperature, the agents are given a reward R(ON, 1, T, RH,.) by the
environment, based on conditions states (T,., RH,., T,) and energy consumption state (1 .,) which is the chilled water flow rate
(kg/s), v : is a discounted reward over time € [0, 1] was taken 0.99 in this work, w, 7, and B: are the weight of indoor thermal
conditions and power consumption, were taken 0.3, 0.3, and 0.4 respectively, the set points of upper and lower dead-band
condition operation temperatures and relative humidity are: T;¢5= 20°C, T2, = 24°C, RH;ik = 45%, and RH;fL = 55%.

The goal of agents is to collect the return (rewards) over an infinite horizon when the following policy =z, the optimal policy is
achieved when iterative learning seeks to maximize value for states, and both V and = are marked by an asterisk (*). The
convergence of iterative RL algorithms to an optimal value function V "=V #* depends on the strategy for the transitions; this leads
to getting optimal action that an optimal policy a” = z". In other words, the RL algorithm for finding the optimal policy of an MDP

leads to maximizing the v value over time, as defined in Eq. 9.

m*(als) = argmax V*(S") 9)

a€A

The sequence of policy updates is carried out using a whole range of Egs. 6, 9. Subsequently, the generalization of two
fundamental operations in an iterative manner is policy improvement and policy evaluation, as illustrated updates trajectory in
Fig. 3.
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Fig. 3. The trajectory of policy updates for both the policy and V value spaces.

3. Description of Design DCCMARL

The multi-agent policy contains a large amount of data in the form of tuples, and managing that big data has become increasingly
challenging; it's better to design a new structure with the most important characteristic of applying to storing extensive data and
enabling it to deal with large-scale domains. Therefore, the proposed structure DCCMARL of MORL is powerful enough to store
or process data efficiently, allowing the multi-agent to handle dynamic large-scale domains of multi-action, which is in contrast to
DRL. The goals for a variety of cooperative multi-agent control are to achieve energy-saving potential due to compromising
indoor thermal comfort; such individual goals are generated long-time horizons of operation of chillers and AHUSs. In this section,
a cluster of multi-agent decisions fabricated by using TSF rules to specify the parameters of hybrid layers of each agent's action
policy that provides a much satisfying position of drives and actuators is used to ensure systematic coverage of DCCMARL
assurance methods (e.g., the flow rate of chilled water for both primary and main air cooling heat exchanger, the actuator of
OCSC, position of motor driven both dampers fresh and returned air, and varied the fan speed for manipulating air flow rates).
The signals of these positions of drives and actuators are adjusted through the agent learns by interacting with the environment of
the whole building until a arrive at the agreed time and in acceptable condition of indoor PMV set-point value

[T.(t) RH.(t) T (t) va(t)]5zs. This PMV vector value is acquired by implementing the reward mechanism that takes
action according to its policy of model-based. Thus, being related to the indoor thermal comfort conditions, the state error
between the desired value and the actual value (e = [T.(t) RH,(t) T (t) v, (£)]" —

[T.(t) RH.(t) T.,(t) wv.-(t)]5ks) affected by specifying for estimating the reward function.

The conceptual design of DCCMARL needs to be fabricated efficiently for multiple hybrid layers supported by capable of
handling the problems with multi-agent of significant state and action spaces. The updated formula for the parameters of the
hybrid layer (physical parameters and neural networks weight) adopted the coverage ratio of setpoint and reward quality. Each
agent's (RL policy-represented) cluster center of action route regresses as a result of the adjusted or revised parameters, as seen in
Fig. 4. When considering the DCCMARL's emphasis on observation and the multi-agent integration, it becomes apparent that this
structure may be constructed in two phases (offline cluster fabricating and online updating stage). However, the well-structured
hybrid layers can prove valuable in modelling applications. Before these stages, three sequential steps of creativity shall be
implemented prior to the beginning of the two tuning stages. The sequential steps are the initial mapping step of the RL policy, the
clustering step, and the TSF identification step.
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Fig. 4. Schematic representation of new framework composed of DCCMARL based on OCSC and environment sensors.

3.1. Mapping step of RL policy

The optimal RL dynamic model of multi-agent policy is mapping from states to actions with the complete environment data set
and, afterwards, this model is converted into clustering techniques using the form of TSF. The policy model dictates the agents'
actions to manipulate the whole building's multivariate controllability, such as the input parameters of AHUSs, chillers, ventilation,
lighting, etc. Each multivariate controllable is translated into an agent-based decision algorithm that is assigned to manage
changes in the value of the actions (a), such as manipulating air and chilled water flow rates for both primary and main cooling
coils, On/Off chillers, and On/Off light open/close windows (ventilation). Then, the weight of reward (r) received by the agent for
each action it takes, based on well-defined (p) transition probability (agent moves from one state to the other), and states (s), the
goal states of energy-saving (chilled water flow at AHUs) and thermal comfort can be fulfilled when value function (agents map
state-action pairs) V * optimized iteratively by applying the Eq. (6) of Bellman expectation. The set of environment states is
defined as a set of dependent variables for actions; therefore, the trained multi-agent is devoted to the variation of forcing
variables states such as chilled water temperatures (leaving from the chiller), indoor temperature and RH, which are assigned to be
the states of the environment. Since the states of inside air conditions (temperature and RH) are close to room thermal sensation,
which are important to aid estimation and interpretation of the PMV using the empirical Fanger equation for achieving compliance
with either 1ISO7730 or ASHRAE Standard 55-2010 [49]. Therefore, the lower and upper bound of the indoor comfort ranges are
potentially incorporated into the reward function (Eq. 8) for RL agents to avoid the excessive cooling and wasting energy.
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Optimizing the compromise between energy saving and room condition states is carried out by sequencing the probability of
actions to the multivariate controllable (chillers, AHUs systems, etc.). The implementation of cooperative discrete-time MAS
makes the conducting of indoor conditions states suitable for six agent-controlled signals (agents of lighting, chilled water valve
position (AHUs), windows open position, chillers (OCSC), return-air damper position and fresh-air damper position). The
iterative learning of agents under state transfers are benefited from each agent's actions being discretely divided into time intervals
(time slot t). This leads to obtaining a dynamic response of the states with time to eliminate indoor air temperature swings. The
pseudo-code listed in Table 1 summarizes the significant steps of the conceptual idea behind the DCCMARL and how its agent
manipulates a starting state (MDP environment) through a set of actions to achieve the goal of states. The agent actions of the
multi-chiller ON/OFF sequencing approaches are representative samples to check the performance responses of a controller
according to the chiller sequencing scheme.

Table 1 Algorithm of the DCCMARL regarding OCSC

Algorithm: Pseudo code of the DCCMARL regarding OCSC

1.Initialization:
1.1. Setting the policy model parameters; (e.g., environment, states, agents and reward)
1.2. Setting controlled states (S); (e.g., indoor temperature and RH, lighting, outlet chilled water temperature, etc.)
1.3. Create an initial population of multi-agent actions A,(n=1, 2, ..., N)
1.4. Setting the set of each agent action index A = a4, a, ... a,,

2.lterate over 24-hour episodes:

2.1. For: Start with an initial each state (1 to 9)

2.2. Repeat for discretized states

2.3. Repeat for every discrete action
2.3.1.Get S for each action
2.3.2. Select the action with the maximum function value
2.3.3.Get Max S and their index to get v*

24.V*(s) =R(S,A) +y x maxV(S")

2.5. m*(als) = argmax V*(S")
a€A

2.6. End For (9 episodes)
2.7. Use S and 7* to train clustering model

3.For the application of cluster control
3.1. Get S from indoor/outdoor and chillers sensors
3.2. cluster model — A(S)= Cn*(als)
3.3. Set the inputs plant to A(s)

3.2. Clustering step
The next step after using the RL algorithm to generate optimal policy is building a clustering model based on deep learning and
unsupervised neural networks to be trained by the optimal policy. Unsupervised data clustering learning may be divided into three
types based on network initialization: clustering loss, deep neural network (DNN), and network loss. The proposed model used
hybrid neural network clustering based on a deep learning architecture. The dataset learning of RL policy is not systemized as
distinct clusters, allowing multi-agent actions to be clustered into groups of similar data attributed together without providing
policy guidance or supervision. A clustering dimension is an essential and appropriate concept for comparing different model
structures. Each agent's action space in a certain state determines its center location by using the fuzzy c-means clustering
algorithm to assign each set of action points {¥}in a particular cluster for multi-dimensional clusters. The partitions of the dataset
into the c cluster are generated by the TSF, where each center point coordinate is assigned using its mean values. Accordingly, the
RL policy task is based on a ¢ discretization of the dataset action for each agent {U}, U = {uy, Uy, ... ux} formed into a family of
cohesive clusters {C;}, i=1,2 ... ¢, [2 < ¢ < K], the equations formula of set-theoretic description for various cluster parameter sets
typical is:

Y, Ci=U (10)

A framework for establishing and tuning a string of clusters is set up and integrated with two-parameter types to be hybrid layers
obtained by converting the TSF rules into basis and membership function (MSF), these parameters (weights of neural network and
physical) tabulated in chronological order. The hybrid parameters are listed in the memory cells under dynamic and static
characteristics. The dynamic part is related to neural weights, and the other is related to physical parameters. The TSF inference
system technique created a systematized hybrid layers concept from the collection of if-then rules and adapted it to fit each signal

11
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of the agent's action. [50]. The signal set of actions that the agent takes is divided into sub-clusters based on the number of ¢
which is related to static and dynamic parameters (physical and neural weights) of hybrid layers. The variables of hybrid
parameters are initiated primarily by TSF sets from the given training (offline learning) data collected from an RL agent's policy
learning; then, the parameter errors are corrected by tuning processes using the nonlinear least-squares regression (NLSR). The
online continuously refined its weights is necessary to adjust the controlled states by rectifying the agent policy. Whereas the steps
for making fine adjustments to fit the model (hybrid deep clustering layer) signal to agents' action according to current states are
implemented online or adaptive fine-tuning to updating model parameters by using NLSR-based iterative algorithm, thus
providing a much more robust and accurate actions response. As illustrated in Fig. 5, the model's ability to depict multi-agent
behaviors regardless of the size of the dataset or the number of tuple states in it is perhaps its most impressive feature. By making
the independent variables four dimensions (4D), the dimensionality of the resultant hybrid model network structure is enhanced by
one set of hybrid layers. Accordingly, the independent variables are assigned to be the states/observation of the
environment/system; as for the conditions states, it can be assigned xi, X2, X3, and time to indoor temperature and RH, outdoor
temperature, and time respectively. Furthermore, time is a crucial independent factor because its values are strongly related to
heating/cooling load; thus, it is essential to be the leading independent input variable of the proposed model, with the
configuration and arrangement independent variables of the hybrid deep clustering approach depicted in Fig. 5.
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Fig. 5. The network architecture for the hybrid scheme of DCCMARL. The (ai, bi) denote the physical parameters and (1) the weights of layers

To better tune and manipulate the action of AHUs and chillers parameters based on the dynamic cooling loads impact to keep the
thermal comfort level within the standard, a hierarchical structure may be created by using the clustering approach on a range of
each agent's action. The iteration adjustment based on the independent variable of the environment (set of states) is to formalized
profile action to match an optimized value of RL policy. The action path for each agent (represented by RL policy), might get its
cluster by interpreting the input and output vectors (policy of states, action) to match from the antecedent to the consequent using
a rule-based fuzzy inference system. The TSF inference approach produces a fuzzy singleton (polynomial equation) or crisp
output vector with their hybrid parameters (parameters of weight and physical value) of layers. The inference starts with random
initial weights, which are adjusted by tunable physical parameters; their values have been released through offline learning. These
hybrid parameter values are essential to reduce the online learning time due to starting near the target value.

The most effective way to ensure fair regulation of the controlled parameters of HVAC systems, according to achieving energy
saving and indoor thermal comfort, is by improving the precise action of multi-agent. The proposed clustering structure allows the
DCCMARL to manipulate all building variables, including obvious and easily manipulated variables like building fixtures
(turning on and off lights and opening and closing windows) and HVAC systems (valves position for each AHU on each coil,
optimal chiller sequencing control (OCSC), the position of motor driven both dampers fresh and returned air, and fan speed for
manipulating air flow rates). According to controlled variables, the DCCMARL is a collection of autonomous agents, and the
action sequences of each agent are divided into seven groups of piecewise-continuous clusters by leveraging the hyper-ellipsoid

12
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technique (basis and MSFs), as shown at the bottom in Fig. 6. Finally, there are one step ahead of creating the clusters, the dataset
of policies is normalized by its maximum value to the range [0, 1] interval as defined in Eq. (11).

Xi—X
Norm(xi) = % (11)
max min

The minimum and maximum ( x,,,;, and x,,4,) Values are denoted by the greatest and least elements in the policy set of agents,

and x; is a current value in the dataset of policy.
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Fig. 6. The policy profile represented by the various positions of the supply chilled water flow rates is broken up on basis of the MSFs and
antecedent in TSF.

3.3. TSF identification step

Since the HVAC and building consist of multiple subsystems, which leads to high-dimensional action spaces, it needs to build the
multi-hybrid layers structure. The DCCMARL uses the TSF technique for fuzzification to build the multi-hybrid layers,
converting the antecedent (IF component of an association rule) and the consequent (THEN component) of TSF into a white-box
model (memory hybrid layers parameters). The consequent parameters of the TSF polynomial function generated the hybrid
parameters of weight and physical value, which are tuned by fitting the output of the TSF function into action policy mappings.
Thus, offline parameters recognition is to design a better-regularized of cluster classification. Where each cluster can be
transformed from the consequent part by a polynomial equation of the TSF rules into a crisp output, the formulated equation based
on cooling load variation with time is defined by Eq.12.

Cluster ((1;): if x; is Ml.d(xl) and x, is Ml.d(XZ) -+ and x,, is Ml.d(x’") then Y;(X) = Fi(x1, X, = Xp; ap, by) = w;y;  (12)

The conceptual clustering techniques for independent learning in a TSF function formula, the universe of discourse (UoD) for the
input of membership functions (MFs) is used for ties for minimum distance between clusters at each of its center and action policy
signal. Where UoD represents the environment at each time step (X = [x1, X2 ...Xm, time] T), the consequent part in Eq. 12 shows the
time factor revealed the main effects of orientation of the target of the fitting. The sequence dataset of each agent policy action
with its dependent variables (states and time) is used to be training data (inputs/outputs) for cluster function to calibrate the hybrid
parameters and systemize them in the hybrid layers framework. The dependent variables m takes an active part in the framework
to accommodate correlated equilibrium for each rule, represented by subscript i. Applied inputs/outputs are fuzzified by entering

linguistic values d(xi), ..., d(xm) of fuzzy sets. The TSF function refined its parameters of hybrid layers by learning from RL
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policy better to fit the consequent part to the agent action. Then, the refined regularization parameters of physical arguments (a;

and b;) and weights (and bias) ( o, ) are used to verify the matching of the nonlinear consequent function F(x,x,---x_;a,b).

The fuzzy inference engine rule basis (three states with time) in each cluster implements a specific type of fuzzy logic based on

RL policy. The regression process of continually changing these hybrid arguments (aj, bi, and «; ) is referred to as learning. It is

terminated when the outputs of the TSF model error function are minimized, obtaining the starting values of the arguments. Due
to TSF correlated coefficients for the dynamic model between the basis and premise FMs, and clusters, the ideas are generated by
the consequent part. Furthermore, the periodically re-calibrated parameter's value can find the center of the cluster, which is
significantly related to both the estimated number (design decisions) of FMS based on pA(x) and truncates the fuzzy set of the
consequent part as illustrated in Fig. 6. The TSF inference process takes crisp independent input of MFs, and for the it rule,
adopted three Gaussian functions as MF form because they are smooth and non-zero at all points. The MFs have evaluated the
rules using fuzzy reasoning depending on the basis that comes out of the fuzzy logic operation. Fuzzy logic sets effectively
quantize their antecedent part or input, which can be defined as Z: zero, P: positive, and N: negative, thus leading to great
estimators for the ambiguities and uncertainties associated with the action of the agent. So, the correlation between states with

time and agent action can be represented by antecedent and consequent parts for each rule; the following equation illustrates this:

RIS if chilw(n — 1) is (N, Z P) and light(n — 1) is (M, Z P) and T, (n) is (N, Z P) - and T, (n) is (N, Z P)
(13)
then V;*(X) = w;(by + @y 2y + -+ agjxj + -+ + QX + ay0)

For a supervised learning data set of policy-based RL (states, time, and agents’ action), up to four process steps are needed to
perform the TSF inference to generate clusters: the first one is fuzzification of the input variables, the second one is its rule
evaluation, the third one shows the aggregation of the rule outputs, and finally the defuzzification obtained. Fig. 7 depicts the
general sketch of the TSF clustering and its premise of the rules, while the singleton value forms the corresponding consequences
of the rules. The learning dataset is composed of the premise and consequence parts. These are y;(n — 1) ... y,(n — 1) represent
the previous values of policy and (x1 (n) .. x4(n), and Time (n)) are the states and time values.
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In the third process aggregation of the rule outputs, the customary conditions for inference of this process by combining

antecedent are shown as a singleton function which can be represented in Boolean values for fuzzy sets [0, 1]. The output function
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of TSF is a singleton (crisp) calculated by the weighted average of each of its depending hybrid parameters, which are calibrated

by replicates for the data set of RL policy for each rule, as defined in the following equation:

N
Cluster (U; ). if x, is Ml.d(xl) and x, is Mf(xZ) -+ and x,, is Ml.d(x"‘) then Y(X) = E Y,X) = E w;Yi (14)
7 i=1

In the consequent part of function 14, the j value denotes the number of clusters, and the number of clusters is optimized by
periodically re-fitting each cluster's centroid into captured optimal agent's action behavior. Finally, in the fourth process,
defuzzification of the consequent part, the centroid method or center of gravity (COG) is used to aggregation of all rules to
convert the TSF function into crisp/numerical values. The aggregation of all rules generates the numerical values of sampling can

be formulated by the following expression:

iﬁ’i(U)yi
Y(X)="F—— (15)

> A)

According to equation (15) for it individual, the contribution concept is weighted by the degree of activation g;(w) corresponding

to the product wight H}’;lﬁi}.(uj), and according to both a linguistic term set and an interval-valued hesitant fuzzy linguistic set

(IVHFLYS), which provides a computational basis and denotes the possible degrees of the linguistic variable N. The nonlinear

activation that follows is to accumulate the following terms:
BU)=MICI(X) A MECD (X)) A - - - A pMEC (%), 1<i<N (16)

The COG defuzzification output is used by the TSF inference approach for singleton type to improve the efficiency of the
fuzzified process by drastically reducing the number of defuzzification iterations required to reach the outputs of Eq. 15.
According to this technique, Equation15 tends to act like obtaining an average weight value, requiring fewer time iterations than
other types of defuzzification and rapidly clustering fitness increases with an increased accurate weights value [51]. Moreover, the

consequent element formulation of the nonlinear equation can be expressed in the standard singleton form.

S Ay w=LBW_ gw=114,u)
Y (X) = W = iZ:l:wi Yi Zi:]_'gi(u) = (17)

In general, it is possible to calibrate the hybrid parameters of the singleton output Eq. 15 by easing out using an exponential
equation with a base of "e", where its parameters w;, a; and b; are changed over time. The value of parameters is updated based

on the change in the agent's action using an equation (18) derived by [52]:

Y(X) = Z wia;(1—7%) (18)

It's obvious, that Eq. 18 is expressed in terms of two types of independent variables or parameters, such as weights (w;) and
physical (a; and b;), these values can be specified accurately when the equation of the consequent part at Eq. 12 passes into the
points of policy data set. In principle, the consequent part of Eq. 12 represents the agents' outputs (defuzzification of the action)
depending on the states of the environment, where the inputs (states) and the outputs (actions) are correlated by looking at how
hybrid parameters (physical and weight values) calibrate their average return value. The correlation coefficients (hybrid
parameters) is assigned to cells formed (hybrid layer) at the core of each memory defined by their axes, as illustrated in Fig. 5.

15



©CO~NOOOTA~AWNPE

The correlation coefficients in the hybrid layer structure are systemized based on four independents, which are named as (Time;
X1, X2, and x3). According to such structure of the model, and its consequent parameters are organized as hybrid layers, which
easily lead to these parameters values can be found by crossover from the four dimensions (4D) to the two dimensions (2D), as
shown in Fig. 8. The values of parameters a(x,, x,) are tabulated to be related to states x; and x,, as illustrated in Fig. 8a whereas

Fig. 8b shows the values of parameters b(x,, x,) related to different niche axes of states x; and x,.

Fig. 8. The different behaviour of physical parameters according to variation of independent variables xi1 and x2: (a) represents parameter ai and
(b) represents parameter bi.

4. Optimization

The hybrid parameters of the TSF consequent require nonlinear optimization to achieve accurate actions. There are many different
ways to optimize parameters and reduce the overall errors in the consequent part, but the most popular way to do it is known as the
nonlinear least-squares regression (NLSR). However, two optimization techniques (preoperative offline optimization and
postoperative online optimization) are implemented in this section to refine the hybrid parameters.

4.1. Preoperative offline optimization

The consequent part of TSF has segmented each agent's action into seven clusters according to the environment feedback from the
HVAC system and occupants. From Eq. (18), the nonlinear functions through the piecewise affine the approximation of outputs that
be expressed in an exponential function as follows:

Cluster (11;): if x, is Ml.d(xl) and x, is Ml.d(XZ) o and x,, is Mid(x’") then Y (X) = E wia; (1 - I *) (19)

N
=1

i
The TSF uses an extension of the piecewise parabolic function Y (X) of multi-agent action by the clustering technique to break up
the policy data into seven segments. Then the optimization tunes the hybrid parameters to accommodate and align the center of
seven segments based on the behavior of the expected values of each action in every state. To adjust the parameters, it needs to
run the iterative of NLSR until getting a fairly fitting representation of the clusters. The iteration of NLSR provides refined
physical parameter values of a; and b; for the convergence of optimal action by taking the errors to be used as calibrating factors to

update them. In this case, the following equation can express the mistake of the consequent part of the TSF.

20

Vi = wif (x5 a,b) + E; (20)
The physical variables (ai and b;) are the constants of the consequent part (exponential) in Eq. (18), and the residual at each
iteration can be expressed as follows.

N
E =Y,(X) - Z wia(l—¢7"%) 1)

i=1
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In statistics, the residual sum of squares (RSS) measures the level of variance in the error term of a regression correlation, which it

can be found using the formula below:
N N )

Sr = z EL-2 = z (yl — a)ia(l - f_b xl)) (22)
i=1 i=1

The value of a and b can be estimated by minimizing the residual sum of squares (RSS) by differentiating with respect to a and b

and equating the resulting equations to zero.

N
3s. Y .
90 Z 2y~ wia(1 = ") (o, (1= £71) = 0 (23)

i=1

However, the dependent variable a can be written explicitly in terms of the independent variable b as

a= — 2L (=yiwi(1 = €77 11))
(w1 = er )’ (24)

Proceeding in the same manner as in the previous, the nonlinear equation in b can be derived to obtain

N N
—az yiwx 070 ¥+ a? Z w;(w;x; 870 % — wiax;£72 %) =0

i=1 i=1 (25)
By substituting Equation (24) into Equation (25) and the readjusting the obtained equation in terms of b.
T (yiwi (1= 72%)) & N (v (1 — 272 )\ —
1 ( ( )2) iwixig_b Xi — 211;1(}}" l( )2) Z wi ((J)ixi'g_b Xi wiaxif—ZD Xi) 26
X (“’i(l -’ xi)) i=1 L1 (0 (1 - ¢72x)) i=1 (26)

This Equation (26) can be solved by numerical iterative schemes (such as the secant or bisection method) for estimating the root
of exponential equations. The hybrid parameters (w;, a and b) varied with the time of day as the inputs of the environment states

changed or independent variables x;, they revealed a significant relationship between their deviation values and output TSF error
Ei. Based on the consequent partition of the TSF, the parameters can be adjusted using the Taylor expansion method by
differentiating the singleton function at the center point of the cluster. In the context of the numerical solution of the exponential

partial differential equation using Taylor approximation as

of (x

d
f(i)qr = f(xi)q +— flx

. If (x; .
g Aa + fOi)q Ab + 7‘)"410) (27)
a ob dw

In offline learning, the hybrid parameters are initially calibrated to help the clusters to seek the goal of fitting toward the agent's
action policy. This needs to introduce errors in agents' actions by subtracting Eq. (27) from Eq. (20).

Vi~ f(xi)g = afg;i)q Aa + af(g’;")q Ab +

0FCa 4, 4 E; (28)
Jw

Then, by using the NLSR approach, the Jacobian matrix is formed from partial derivatives of the hybrid parameters such a matrix
scheme is considered to be a transfer function to evaluate the updating values according to the Jacobian matrix [Z4] and its gradients.
For example, the matrix form for the iterative Eq. (28) is given by the following equation [53]:

{D} = [2,] {44} + (E} (29)
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The vector of the dependent variable on the left-hand side of Eq. (29) {D}T = [d; d, - d,] can be a measure of inequality
or difference between the current policy and the optimal policy of the agent's action. The D vector is helpful for evaluating the
tuning values that be used to update hybrid parameters {AA}" = [da, Ada, -+ Aay], at each iteration for each parameter,
the difference between values in time series dataare Aw = wg41 — Wg, 4a = ag4q — agand Ab = bgy1 — by. The target
of NLSR algorithm is to reduce residual error as much as possible by iteration process to generate the regression fitting error curve
{(E}T =[e1 ez = en].

The inverse matrix [Zq]_lin Eqg. (30) allows NLSR to find the values of the hybrid parameters {AA} that yield the curve of agent

action closest to the optimal policy; eliminated errors are an indicator that measures the closeness between the agent's action and

optimal policy.

a=z)' 2| { [zl o) @

The obtaining value of parameters' vector {AA}by offline learning using the NLSR algorithm is crucial to reducing the execution
time of online learning.

4.2. postoperative online optimization

Since the offline-learned coefficients served as a starting point for the online iteration of NLSR, it provided continually fine-tuned
values of ai and bi for the convergence of optimum action by using the output errors as calibrating factors to update them. The
online learning of NLSR is designed to eliminate the error entirely by repetitive error detection in agents' actions. The error is
usually generated due to the system uncertainty, which leads to the mapping value for the path parameter not being correct at
current values, so they need to online update the mapping of the values of the hybrid layer {A}.
The shortest step of least-squares target AS between n; and n, of each repetitive cluster center point is represented in the output
aY (t(q); w;, a;, b;) to be the guidance for getting fitness to policy. The AS is adopted to seek the right values to update the
coefficient vector of hybrid layers, as follows.
aY(t(q); w;, a;b; 31

Mo+ 1) = A + 2 DI 2y ey

In each time interval, the parameters continuously refined their values by learning from the environment feedback, which is a

function of the time slot value of g. The adopting a time slot as an input to the outputs of (Y (t(q); w;, a;, b;)), there are errors
associated with the outputs due to the uncertainty of predictions center point of the cluster. Therefore, dynamic iteratively online

learning is crucial to recalibrating the hybrid parameters [ o, ai bi] T, and full convergence occurs when the error goes to zero over

time, and iteration schemes can be presented as in Eg. (32).

G G G ’
V€q+1 = [%Y(tq_'_l; w;, a;, bl) a_Y(tq+1; wi, ai,bi) _Y(tq+1; wi, ai,bi)] (32)
L

a; abl

The parameters [ o, ai bi] T of the consequent function are also periodically re-calibrated with the latest environment operating

data, as follows.

[ -

q+1 q

Aw;
Aai] (33)
apl,
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Aa)i
In the NLSR technique, the online weight update value [Aai] is computed by learning from the environment feedback from
actions in which refined coefficients become available in sequential order based on the descent gradient of the error Ve, ;.

Aw;
[Aai] =AS4Veq1q (34)
Ab 1,

Each agent in MAS makes individual policy making, but all contribute globally to the HVAC system evolution when, taking a
look at the AHU agent, its action manipulated indoor conditions. Therefore, to rectify the error of indoor PMV needs to refine
agent action; once an agent acts, the environment (states) reveals its response error due to the uncalibrated hybrid coefficients, as
described by Equation (35).

eqi1 = €q +de =mpv (tg41) —S. Py= Z a)if(tqﬂ; a;, bi) =S5 Pg= Y(tq+1; w;, ai,bi) -S. P, (35)
i=1
In the next iteration, the indoor thermal comfort is denoted by pmv (tg+1), Where tq+1 represent next time, the other term in Eq. (35)
is S. P.q denoted to set-point of indoor condition at iteration g and N specifying the sequence number of cluster to ensure that its
centre has activated.

Aw;
The training samples of the updated value vector [Aal] is calculated by using Eq. (33), such a design problem can be carried out

by applying multivariable Taylor series coefficients. So, this optimization is based on the truncated Taylor series of the integrated

hybrid parameters, as defined by equation (36).

eqi1 = €q +Ae =Y (tg; Wi, ay b)) +5— i Y(tg: @i ai,b;) dw; +%Y(tq; wy, a;,b;) Aa; + %Y(tq; w;, a;,b;) Ab; (36)
-5 P, “ L l
eq+1 = €q +iY(tq; w;, a, bi) Aw; +iY(tq; w;, ai,bi) Aa; + iY(tfq; w;, ai,bi) Ab; (37)
dw; da; ab;

In online learning, the time needed to repeat a set of tasks to refine hybrid parameters, thus due to the environment of offline
learning, is changed over time. As long as the highly varied environmental conditions, the step-size AS at each iteration requires
significantly more computation by NLSR according to the error value. For NLSR, an approximation of linearization can be
constructed by using the step-size AS as a tangent line (shortest path) of the regression, which leads to obtaining the relative errors
by substituting the values of the parameter’s variation [Aw; Aai Ab]] T of Eq. (36) into Eq. (37). The following deriving steps

describe the conduction of the mechanism that is taken to improve the iteration process over time.

d d d
g1 = € +V(awl Y(ty wi a;,b;) A4S, +5 Y( @ Wi ai,b;) AS, + o, Y(ty; i aib;) A5q> (38)
92 0° 0?2
€g+1 = € +£Y(tq, w;, a; b; ) A4S, +6 > (tq, w;, a;, b; ) A4S, + 352 Y(tq, w;, a;, b; ) AS, (39)
2 62 62
eq +£Y(tq, w;, a; b; ) a8, +6 > (tq, w;, a;, b; ) A4S, + 352 Y(tq, w;, al,b)AS =0 (40)

To simplify an equation (40) and reduce the expression to its simplest form in terms of step length A4S, and completing the

simplification yields Eq. (41).
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—e
AS, = 1

q 02 02
WY(t w;, a;, bl) +WY(T:

62
wi, @i, b)) + 507 Y (tg; Wi, i by)

q q’ b

(41)
_ S. P.g— w;(q) a;(q) (1 — ¢bil@ ti) _ S. P.g— w;(q) a;(q)
w;(q) a;(q) b t wi(q) a;(q) £7bi@ ¢

Therefore, initiating the ASo based on Eq. (41) is necessary to calculate the updating weight of hybrid coefficients using Eg. (33).

o _ i S. P.g— w;(q) a;(q)
[(Il;]q+1 - [(;)L]q ¥ (wl(q) ai(Q) e_bi(q) ti + 1) Veq+1 (42)

The gradient descent of the least error in Eq. (42) for each set of coefficients is eliminated from the parameter update by an

iterative process [54, 55].

5. Physical characteristics of building and chillers

The building descriptions are key to identifying the style of chillers and their capacities by calculating the cooling load of the
building. The proposed modeling procedure uses the previous work of white-box building thermal modeling within real
environmental conditions to calculate the dynamic residential indoor conditions [42]. Table 1 summarizes the physical
specifications for the building envelope in sufficient detail to allow assessment of compliance with the hygrothermal transfer
model requirements. Therefore, such a building needs to suitably specify the chillers system by a qualified cooling load demands
for comfort. The sequential or different capacity sizes of multi chillers is implemented as the best energy-efficient system due to
allowing more alternative scenarios of choosing the appropriate chiller size to meet the current cooling load. Accordingly, two
different capacity chillers (10 Kw and 20Kw) are integrated into the optimal chiller sequencing control (OCSC) system. Thus, it
can be provided with four different capacities (OKw, 10Kw, 20Kw and 30Kw) by running/off chillers to meet the current cooling
load. The chilled water circulated between chillers and the cooling coils in the AHU based on variable air volume (VAV) boxes.
The VAV system delivers ventilation and recirculated cooled air with significant energy-saving and comfortable indoor conditions
by reducing the supply airflow rates into an indoor space.

Table 1. The properties of the materials that are used for the residential building construction

Component Quantity Variables Notes

The overall area 870 m?

Avrea of conditioned space 683 m? x 2 story The area excluding unconditioned space (attached garage

and storage)

The gross area of exposed 441.7 m? The net wall exterior area is 379.75 m?

windows and walls

The overall house volume 1,640.45 mé x 2 The house volume excluding the garage and storage

Ceiling 700 m? U=0.18 W/ (m?. K) Overall area less courtyard area (22.6 x 11) — (7.3 x 7.3)
Light oroor = 0.4

Doors 13.3 m? U= 2.3 W/ (m2. K) 2 (each 0.9 by 2.1 m)

Windows 48.65 m? Fixed: U =2.84 W/

(m2. K); SHGC=0.67
Operable: U =2.87 W/
(m2. K); SHGC=0.57 Tx

=0.64; IACq = 0.6
2 - 2
bl o dmaes VST gz
Walls, garage 122.5 m? U= 0.7 W/ (m2. K)
Floor area 333.55 m? Rewr = 0.21 W/ (m?. K)
Floor perimeter 2352 m Include perimeter adjacent to the courtyard
Total exposed surface 235.2 m? Wall gross area (including courtyard wall) plus ceiling area

6. Results and discussions
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Optimal Value

The body of the results section has been conveniently grouped into two primary classifications: evaluating overall chiller plant and
whole-building performance.

6.1. The analysis and discussion of chillers' results

This subsection deals with performance aspects of the action of chiller sequencing for DCCMARL duties under varied conditions
for plant chillers.

6.1.1. Performance analysis of DCCMARL model

The initial assessment is to identify the optimal value function learnt by a pure RL and the proposed DCCMARL controller. The
precisely define optimal value function is required to speculate an optimal policy. The mathematical framework for modelling
value function structure is an extension of the Markov chain concept, which is a sequential decision based on the dynamic
environment states at instant t, which are effective on the uncertainty of agent action, in order to reject disturbance control for
uncertain needs to render the modeling value function optimally. The environment training data are generated value function by
purely RL iteration to conduct the shortest path counting method to identify the surface of the optimal value function. The
defectives of pure RL for the surface of optimal value are clearly shown in Fig. 9a, thus leading to more oscillations and errors
inside the dead band set-point compared to the DCCMARL approach. The main concept of DCCMARL is to find the trade-off
relation between chillers' energy consumption and the indoor thermal comfort level. Therefore, the value function sufficiently
refined its surface by learning (using the NLSR algorithm) from the stats environment feedback to rectify a fault of surface
structure. So, the clustering feedback data set of the value function facilitates refined surface tenure and elicits confidence. The
DCCMARL rendering value function is much smoother than the pure RL results, as its smoothness is illustrated in Fig. 9b, thus
leading to generating the optimal policy. Because both pure RL and the proposed DCCMARL are initiated based on MDP, there is
a high degree of similarity between the two values, particularly the max and min values which are specified by using two stats
(leaving chilled water temperature of the chillers and outdoor temperature) of each, as both states are represented in Fig.9a and b.
As can be seen from both Figs. 9a and b, the variance in leaving chilled water temperature of the chillers (Toch) are more sensitive
than the outdoor temperature (Tou) due to the effect of thermal inertia (thermal flywheel effect) against the outdoor temperature
effect as well as the priority given to the main task of achieving indoor thermal comfort.
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Fig. 9. The two cases of theapure RL and the proposed DCCMARL show difference in the value fun&lon as illustrated in (a) and (b),
respectively.

Sqo®

The main objective of this analysis is to derive implications regarding the best policy for each method. In other words, the well-
systematized way to represent the value function is provided a smooth surface that incorporates precise sequential decisions (optimal
policy), leading to a balance of both exploration and exploitation of the RL agent and well-trained. The RL agents learn optimal
policies by the iterating manner of Eq. (9) over the states and domain of actions where the value function represents its independent
part. The two most effective states represent the best approach of the proposed DCCMARL as independent variables: the Toch and
Tout- As shown in Fig. 10, the agent actions of the multi-chiller ON/OFF sequencing techniques for multi-objective are used as
samples to demonstrate the dependability of control action by regularly re-calibrating agent parameters using the most recent states’
operating data. The best policy of operating sequencing for chillers plant is represented by agent signal action to target optimal
decisions based on independent variables, which are the states (Tochand Tou) of the environment, as shown in Fig. 10. It is obvious
from Fig. 10 that the policy of the chiller sequencing is operated in four stepladders of the intended move toward the full load

according to two sequential types of chillers adopted in this study. The chiller sequencing follows the building's instantaneous
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cooling load, as shown in Fig. 10, and includes four actions: at the first action, all chillers are turned off when the outdoor temperature
is dropped at late night and early in the morning; at the second and third actions, only one chiller is running; and at the fourth action,
all chillers are running. There is a large disparity between the action times of different policies for pure RL and the proposed
DCCMARL, as shown in Fig. 10a and b, where the time of all chillers in the run state is longest at pure RL and the opposite is true

when all chillers are turned off, as the stepladder action presented there.
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Fig. 10. The difference in the best policy action of two cases: the pure RL and proposed DCCMARL are illustrated in (a) and (b) respectively.

6.1.2. Comparison of chilled water temperature with supervised and pure methods

In this subsection, to be fair to evaluate the performance of the proposed DCCMARL, the comparison test of three algorithms
(conventional PID controller, pure RL, and proposed DCCMARL) is conducted under the same conditions. The leaving chilled
water temperature of the chiller plant (Toch) is adopted to be a reference or feedback setpoint for the PID controller and as a
reward criterion for the RL agent. Therefore, the Toch is used to investigate the performance of agents' actions on chiller ON/OFF
sequencing. The agent policy interacts with an environment (Toch) by acting of switching ON/OFF chillers according to the
building’s instantaneous cooling load to follow the recommended Toch; its range is defined from 0 °C to 2 °C within 24 h of a
day. Itis evident from Fig. 11 that the Toch of the proposed DCCMARL exhibits robust and smooth behavior within a
recommended set band, At the same time, the pure RL shows roughness profiles of T.ch, and it can be noticed that the PID is the
highest degree of roughness with violating of the recommended band. The proposed DCCMARL policy explores the main
components of the building cooling load as a passive and active building thermal storage involved in varying outdoor
temperatures. In the passive case, the agent policy utilizes the outdoor temperature drops to the thermal comfort range at night by
increasing passive storage using pre-cooling via ventilation. During the passive period (1 to 7 h), the goal of all agents is to
achieve as much indoor thermal comfort as possible while turning off all chillers; as shown in Fig. 11, the proposed Toch is
slightly influenced by the chilled water uncirculated through AHU, whereas the conventional PID operates in the opposite
direction.
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Fig. 11. A comparison between the DCCMARL and other conventional controllers of the Tqch.

6.1.3. A comparative analysis of energy efficiency of chiller plant system

The agent action on chiller sequencing control under dynamic loads has a significant potential for energy saving. From the
comparison between the DCCMARL and other conventional controller strategies in the previous subsections 6.1.1 and 6.1.2, the
proposed algorithm yields the best performance due to its ability to identify the continuous state-action spaces and massive data
training in the shortest time. It minimizes the average run time of chillers and helps to reduce the amount of energy required to
provide indoor thermal comfort [56]. Thus, the MAS takes advantage of the thermal mass inertia to synergy to Support two
different trends, saving energy at the chiller plant and maintaining the T.ch within the specified stander upper and lower bounds
for set-point tracking. To avoid excessive reduction of the Toch and wasting energy by chillers, the penalty of cooling loads of the
building and the violation penalty of dead-band set-point of the Toch is included in the reward function to optimize energy
consumption and keep indoor conditions within comfort limits. The cooling load dynamic characteristics impact the chiller
sequencing RL agent action. By closely inspecting Fig. 12, it is evident that the proposed DCCMARL action of chiller sequencing
employs passive cooling strategies such as ambient cooling of the building envelope. As long as the cooling coil load is relevant to
the agent action of chiller sequencing, which is related to response to the dynamic flow rate of chilled water, the action signal of
the agent is used as the main supply component of power for the chiller plant, in addition to the energy of the pumps and fans, to
calculate the total cooling coil load. The result of the cooling load in Fig. 12 is a rather remarkable achievement by the strategy of
DCCMARL due to it being the best performer out of both PID and pure RL strategies. Meanwhile, the mean cooling coil load
values are shown in Fig. 12. The proposed controller is the lowest mean cooling coil load value (power) among the two
conventional controller types (the DCCMARL = 10.94 kW, pure RL = 16.02 kW, traditional PID = 21.3 kW, and optimal
calculated value = 10.1 kW), so it can be concluded that the performance of chiller sequencing control using DCCMARL policy is
recommendable.

The cumulative power consumption profile accounting for daily fluctuations in cooling demand for the chiller plant is the
following key criterion to be relevant and necessary in assessing the energy-saving of the proposed DCCMARL. This criterion
may be evaluated in terms of cumulative power consumption over time and utilized to accomplish the control performance
objective on the chiller plant by modifying the hybrid layer coefficients. The compressors are the primary energy consumers in a
chiller plant; thus, understanding the relative advantages and constraints of sequence control is critical for an agent to make the
proper action selections. When the chiller plant system is fully operational, the compressors and pumps account for a significant
portion of daily energy consumption. Therefore, the agent is molded by feeding the training datasets (e.g., compressors and
pumps) into the model, which is completely dependent on the type of clustering learning task to represent the policy framework.
The energy-saving policy of the agent demonstrated its profile in Fig. 13 and clearly shows its ability to achieve the goal of
optimal cumulative power. The trend of energy-saving by DCCMARL policy saves more than 49.3% in energy a day when
compared to conventional PID as illustrated in Fig. 13.
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Fig. 12. The cooling coil loads are handled over the energy usage of the HVAC systems by three different algorithms.
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Fig. 13. The cumulative energy consumption of the HVAC systems by three different algorithms.

6.2. The analysis and discussion of whole building

This subsection deals with performance aspects of cooperative multi-agent systems (CMAS) action for DCCMARL duties under
varied cooling loads for the whole building.

6.2.1. Performance analysis of DCCMARL model
The learning of cooperative multi-agent RL (MARL) is based on the multi-state framework of the environment to tackle the multi-
objective task. The optimal value function is the maximum value obtained when solving an MDP iteratively, which can quickly
yield the closest fit to an optimal policy's target value. The RL learning iteratively renders the existence of uncertainty at every
moment in the value function structure, which leads to rectifying action policy to handle the defectives of agents' decisions. As
shown in Fig. 14a, the predicted value function structure is developed using unadulterated RL learning based on the original setup.
A value function developed over a dataset by unsupervised clustering of environmental statistics and refining its values using the
NLSR approach to calibrate the structural defect relies heavily on feedback iteration learning to achieve its energy-saving
development aims. The value function surface significantly improves smoothness due to DCCMARL rendering the pure RL
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Optimal Value

results, as depicted in Fig. 14b, which leads to realizing the optimal policy of the agent. Although there is a remarkable similarity
in the shape of the two value functions, and both have almost the same global minimum and maximum values, they use the same
reward function to model value states. But it is important to note that surface smoothness is a criterion-referenced tool that
evaluates control robustness and chattering. According to the smoothness criterion, one finds that the performance of the proposed
controller is quite good, as can be seen from the two Figs. 14a and 14b.
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Fig. 14. The proposed DCCMARL function value is a smooth surface for given variables of states; on the contrary, the pure RL surface is so
rough, as illustrated in (a) and (b).

Fig. 14 provided a comprehensive overview of the impact on the agent performance decision. In other words, if the value function
is defined adequately, it will produce the best results when the inputs are inside the state of the environment domain. And the value
function will be updated every time the input is modified, according to Eq. (6). As can be observed from both Figs. 14a and 14b,
the response of the value function is more sensitive to changes in the variance of indoor temperature (T,) than the outdoor
temperature (T,) variation. Thus, the potential thermal mass of the building caused delays in indoor comfort due to the outdoor
temperature (T,) variation.

The RL agents learn optimal policies according to Eq. (9) to explore the environment. The agent continuously refined its control
policy by learning from the environment and taking the reward as feedback for their action. The policy function of the pure or
standalone (i.e., without the DCCMARL) RL has used three states as independent variables, including indoor temperature (T),
outdoor temperature (T,), and relative humidity (RH), but the most influential variables are the T, and T,. The flow rate of chilled
water related to valve position is adopted as an agent action sample to show the performance of the best policy in accordance with
the levels of two independent variables (states), as demonstrated in Fig. 15a. The step beyond that is to involve the identification of
concepts of the DCCMARL based on pure RL algorithm to focus on optimal policy to develop an agent acting for the chilled water
valve position, which varied its positions as indicated in Fig. 15b. The best policy of the proposed agent achieves an improvement
of the dynamic indoor conditions involves especially the parallel actions of the building agents with other multi-agent for the chiller
plant. The improvement is achieved not only by enhancing the control structure or using the feedback executed by the clustering
technique but also by using the dynamic NLSR algorithm that can be refined its control policy to the output of the agent's decision.
Such achievement can be evidenced by different surface smoothness observed in pure RL and proposed policy, as distinctly

presented in two Figs. 15a and b.
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Fig. 15. The difference in the AHU best policy action of two cases: the pure RL and proposed DCCMARL are illustrated in (a) and (b)
respectively.

As shown in Fig. 16, the behaviors of the five cooperating agents are resilient throughout the day and through significant temperature
fluctuations. It is simple to distinguish strong communications between two agents with different positions of motors powered by
both damper's new and returning air, which function oppositely due to their connection. The agents open the action of windows
when the value of outdoor temperature is less than or equal to the indoor setpoint temperature. The action of the chilled water valve
position follows the building cooling load profile in a day due to the AHU valve position being a function of the flow rate of chilled
water. The action of the fifth agent is related to indoor illumination, which is learned in this case of control policy by an optional
schedule (flexible). The adopted schedule mainly comes from two aspects of energy saving: the first one is harvesting natural
daylight by fully exploiting the potential of windows and skylights, and the second one, in case of inactivity at night, the agent dims
the level of lighting within the specified time frame, as depicted in Fig. 16.
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Fig. 16 The responses of five cooperative agents within 24 hours for the proposed DCCMARL.

M The actions of cooperative multi-agent for building = Agent Action of windows open position

6.2.2. The evaluation and comparison of variation in indoor conditions

The state transitions (controlled states) are induced by an action set of agents that is governed by rewards such as indoor
temperature and RH. Where the agent selects numerous actions every timestep based on the indoor states (temperature and RH) to
measure its performance indicators policy. The MARL learning in complex environments with constraints in chilled water flow
rate and room thermal comfort is difficult. Since the DCCMARL is capable of multivariate building controls, the agents
manipulated AHU and windows to maintain indoor air temperatures by the occupants' comfort bands. The agent of the chilled
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water valve is highly effective at controlling indoor temperature and therefore learned through interaction with the occupants'
comfort band, which ranges from 20 °C to 24 °C, every 24-h period. The daytime is divided between outdoor temperature values
within the occupants' comfort band and out of the band. In the first period (outdoor temperatures within the occupants' comfort
band), the agents cooperate in their actions to fully exploit the passive ventilation technologies of the building and switch off all
chillers. In the second period (outdoor air temperatures out of the occupants' comfort band), the chillers are switched on by a
sequencing agent action according to the environment to provide active cooling effects. In the first period, the target of all
cooperative agents is trying to move the indoor state (T,) as much as possible to be convergent at lower band temperatures (20 °C)
and utilize night cooling as passive cooling to the thermal mass of the building. In the second period, the target of all cooperative
agents is trying to move the indoor state (T,) as much as possible to be convergent at higher band temperatures (24 °C) and utilize
the thermal mass of the building. That's why the suggested DCCMARL leans toward a reward function suggestion over the two
time periods; moreover, as shown in Fig. 17, its interior temperature acts in the preferred fashion (robust stability, steady-state
tracking of the desired output and faster response). It is outperforming the two benchmarks across all time. And when the
evaluation focuses on the behavior of the two benchmarks in their indoor temperature management, they are not effective enough
to be following desired manner. It's clear that Fig. 17 indicates both temperatures of the two benchmark controllers (pure RL and
PID) come very close to the same drawback of performance, where they suffer from the chattering phenomenon, and in addition,
the PID causes a large amount of chattering phenomenon over time, also it violates the recommended indoor conditions. The side
effect of the chattering phenomenon is the wear of the valve stem and the valve guide of the chilled water valve. The high relative
humidity (RH) levels inside a building pose an inconvenient feeling for the occupants and are well-known for their destructive
effects on building components. To address this challenge, the pre-cooling coil needs to remove the moisture from the fresh air,
thus related to controlling the flow rate of chilled water in the pre-cooling coil by the action signal of its valve. The performance
of three action signals for the pre-cooling coil valve is demonstrated in Fig. 18, where the agent of the DCCMARL exhibits a
largely positive trend for its control policy. Yet, they seem to lie on the same behavior of indoor temperature. When comparing the
profile action of three controllers in two Figs. 17 and 18 can assess the similarity of each one, and this is evidence to support the
hypothesis presented earlier. Finally, the predicted mean vote (PMV) was calculated using the findings in Figs to measure the
performance of the three controllers' behavior. 19 and 20 as the PMV inputs, as shown in Fig. 19. PMV, which is clear from the
input variables, represents the criteria of total indoor thermal to building occupant comfort level (temperature and RH). The PID
controller also violates the 1ISO7730 recommended value of the PMV, because its inputs (temperature and RH) are also violated
thermal comfort, as illustrated in Figs. 17, 18, and 19.

36 I I I I
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Fig. 17 A comparison between the performance of benchmark controllers and DCCMARL for indoor temperatures behavior.
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Fig. 18 A comparison between the performance of benchmark controllers and DCCMARL for indoor RH behavior.
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Fig. 19 A comparison between the performance of benchmark controllers and DCCMARL for indoor PMV behavior.

6.2.3. Using psychrometric charts to visualize indoor conditions

The psychrometric processes are beneficial to compute the outdoor/indoor states accurately and evaluate the energy change, also it
is a vital tool to assess the validity and utility of controllers according to the ASHRAE comfort zone. The indoor moist air process
lies on the curve that is correlated among the air properties, which are represented graphically. Such a graphical chart is used for
animation points of the moist air to present the correct visualization of the process, one of them showing dynamic occupants'
comfort zone of the building by plotting the air properties saturation of each point. The range of climatic variables that might be
drawn on the psychrometric chart to indicate the thermal comfort zone as shown in Fig. 20 is ANSI/ASHRAE Standard 55. The
data collected from the produced by a dynamic cooling load, as shown in Figs. 17 and 18, is applied to a psychrometric chart for
24 hours to demonstrate dynamic analysis of the reaction of three distinct types of controllers. It is evident from Fig. 20 that the
DCCMARL agents manage the indoor thermal comfort to be turned toward concentration in a narrow space into a comfort zone
standard when the extracted data is subjected to the psychrometric chart to show the behavior graph of process curves for indoor
and outdoor conditions (cooling and dehumidifying process).
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The other benchmarks' behaviors are dispersed throughout a vast region, which is not recommended in this form; also, the typical
PID has violated the ASHRAE 55 standard comfort zone. The results obtained from the analysis of two Figs. 19 and 20 (PMV
and ANSI/ASHRAE Standard 55) led to identical consequences of accepting or rejecting decisions for indoor conditions; thus,
significant evidence indicates that the results are validated.
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Fig. 20 The indoor psychrometric processes of the DCCMARL and the other conventional controllers.

6.2.4. The overall energy performance and energy saving

A multi-objective smart buildings interaction load management algorithm is presented to minimize electricity consumption and
peak power consumption in smart buildings, employing the marginal of an occupants' comfort range to establish an energy saving
that considers the load rate. The multi-objective performance of smart buildings has a significant potential to shave peak power
demands through cooling load management. The previous subsections 6.1, 6.2.1, 6.2.2 and 6.2.3, show the verification results
under different conditions of the proposed DCCMARL policy to achieve more stable, robust and reliable action, this will end up
with an energy saving [57, 58]. Since the proposed DCCMARL adopted a multi-objective multi-agent approach, the best policy
utilized the trade-offs method between energy saving and keeping thermal value within the occupants' comfort band. The
building's overall thermal comfort is investigated in previous sections, whereas this section will focus on showing energy analysis.
The HVAC systems and illumination are responsible for major buildings' energy consumption and greenhouse gas emissions;
therefore, the energy of HVAC systems and illumination is included in the dynamic Bellman equation under an optimal policy. As
a result, as shown in Fig. 16, the reward function employed the chilled water valve position and lighting schedule as independent
variables, which are functions within a specific time interval. The chilled water flow rate policy is mainly tied to the exterior
temperature due to utilizing the passive cooling approach, which minimizes the peak cooling demands of the structure. According
to the reward function, the AHU agent considerably influences energy consumption since it efficiently regulates the flow rate of
chilled water based on chilled water valve locations. As a result, the power consumption profile of an entire building, as shown in
Fig. 21, is heavily influenced by the action profile of the chilled water valve position, which reflects the best behavior of
DCCMARL (Fig. 16) when all agents cooperate. As can be seen in Fig. 21, the MATLAB iterative algorithm uses both the energy
consumption of the chilled water plant systems (based on chilled water flow rate, fans, and pumps) and the energy consumption of
the building itself (based on illumination, AHU fans, and other devices) to determine the total building energy consumption. This
corroborates the findings above when each agent's performance action is investigated independently, demonstrating that the
performances of the proposed multi-agent collaboration are more successful. From the results in Fig. 21, the proposed
DCCMARL shows the power mean value was the lowest one with a return period of 24 h when compared to the other two
benchmark controllers where the proposed = 15.675 kW, pure RL = 18.12 kW, and traditional PID = 28.35 kW.

Finally, another important criterion has to do with the energy of the whole building that is being consumed by the cooling load
and other components. This criterion is about using cumulative power for a day to distinguish differences in performance across
the different controllers being measured and check if worthy energy efficiency works effectively and reduces emissions. On the
other hand, the total power consumption of these three separate controllers is strongly relies on the controller's activity. As a
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result, the actions that respond to the large majority of building energy consumption, such as HVAC systems, lighting, and so on,

must be specified. Along with HVAC system agents, the agents of lighting and other building systems have exploited the
experience of RL for training due to expanding the highest amount of total building energy usage to improve agents’ policy by
clustering their data for the energy-saving framework. Fig. 22 clearly shows how to improve the policy of agents' choice skills.

The trend lines of findings in Fig. 22 reflect the three controllers' management of the entire building's energy use. Such trend lines
clearly illustrate that the performance of the multi-agent building employing the DCCMARL strategy exceeded the two

benchmark controllers. The suggested agents are making good progress toward their eventual aim of substantial differences in
overall energy savings potential from additional policy optimization reaching 44% per day and enhancing indoor conditions by
roughly 20.5% of the typical controller (PID). Furthermore, the suggested controller's time profile interior air temperature gives

the most apparent proof for a relationship between peak cooling load and indoor temperatures and, thus, energy saving.
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Fig. 21 The difference in the three controller profiles of overall power consumed by the whole building.
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Fig. 22 Illustrated the cumulative power consumption of three type controllers of the whole building.
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Since the HVAC and building consist of multiple subsystems, which leads to high-dimensional action spaces. The results and
validation show that the DCCMARL can be used as MORL and can handle large data sets due to segmented data into multiple
clusters. The improvement of the DCCMARL is achieved not only by enhancing the control structure or using the feedback
executed by the clustering technique, but also by the dynamic NLSR algorithm that can be refined its control policy to the output
of the agent's decision. The study concluded that most of the day-time, the full load is not required; instead of running all the
chillers in part load, just run an optimized number of them and the multiple chiller plants can be managed by optimal chiller
sequencing control (OCSC). Therefore, the DCCMARL adopted a new strategy by using the varied capacity of multiple-chiller to
make energy-saving the main objective. The main objective tasks of the multi-objective multi-agent approach are successively
managing multiple chiller plants to achieve the main aim of DCCMARL by realizing. It's the perfect action policy to save more
than 49% of energy compared to PID. At the same time, the multi-agent of the whole building provides great tracking ability for
required indoor conditions and excellent agent decision stability for more technical energy saving by up to 44.5% and improves
the thermal comfort of the occupants by an average of 20.5% as compared to PID. However, we must keep in mind the study's
limitations, which are based on the uncertainty of the two models (building and PMV) owing to their parameters regularly
changing during their lifetime. As long as the environmental conditions varied dynamically over time, such constraints had little
effect on assessing agent performance.

8. DCCMARL and its future applications

The concept of a smart building needs to monitor and control everything indoors and outdoors, which meets the MAS technique.
In the potential of future DCCMARL applications could be developed to use its abilities to allow smart buildings to help with
complex control tasks. The MAS technique of DCCMARL can service multiple distribution networks of demand response related
to occupants, such as control of light, dampers, OCSC, windows, chilled water valve positions, access control, fire safety, and so
on. Due to the smart buildings being described as MIMO systems, so the DCCMARL needs to increase the environment states to
meet the MIMO system. Nevertheless, the DCCMARL shows its ability to deal with the MARL continuous actions space, as
validated in the section on results and discussions. Furthermore, the clustering structure of DCCMARL can be modified according
to how many of the agent's policies are, thus implemented by increasing its dimension to handle the expanded dataset of the
multiple distribution networks.
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