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ABSTRACT

The optimization of residential heating, ventilation, and air conditioning (HVAC) systems is 
crucial for reducing energy consumption and maintaining user comfort. As urbanization in-
creases, there is a demand for smart buildings with energy-consuming appliances. Researchers 
are developing HVAC control strategies, especially for commercial buildings with complex 
load patterns. This paper presents a novel model-free deep reinforcement learning (RL) ap-
proach. RL allows systems to learn and adapt to individual occupant preferences, creating 
customized comfort using the deep deterministic policy gradient (DDPG) algorithm to de-
sign an optimal control strategy for multi-zone residential HVAC systems. DDPG aims to 
reduce energy costs while maintaining occupant comfort. The DDPG reinforcement learning 
technique is applied to control a multi-zone commercial HVAC system, aiming to minimize 
energy costs while maintaining occupant comfort. The DDPG method achieves a 56% faster 
convergence time compared to linear HVAC control methods and a 15% improvement over 
linear reinforcement learning models. The mean steps required for DDPG and linear RL mod-
els are 9.9 and 115.3, respectively.
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INTRODUCTION 

It is estimated that 41% of India’s annual energy 
consumption [1] is attributed to the building sector. 
Consequently, building temperature regulation has gar-
nered significant attention [2,3] recently. The primary 
aim is to strike a balance between minimizing energy 
usage and ensuring high comfort levels for office workers. 
However, uncertainty arises due to occupants’ behavior 

and insufficient data on their comfort preferences, impact-
ing decision-making regarding optimal control strategies 
[4,5]. Integrating these considerations into the design pro-
cess poses a pressing challenge. Occupant behavior adds 
complexity to building systems, characterized by contin-
uous and discrete states, further complicated by variable 
sensor requirements. Hence, developing a scalable control 
framework is imperative. Drawing inspiration from recent 
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advancements in RL [6,7], this study aims to evaluate the 
efficacy of RL in addressing intelligent temperature control 
in building environments. 

The air conditioning system, depicted in Figure 1, cur-
rently stands as the most sophisticated device for main-
taining a comfortable temperature within a structure. 
Additionally, efficient demand-side energy management 
measure, aid in reducing peak loads and stabilizing over-
all system performance [8]. Several studies have been con-
ducted to determine the optimal methods for optimizing 
HVAC control systems to enhance efficiency.

A primal-dual algorithm is used in [9] to determine the 
energy supplier’s pricing strategy and the HVAC operating 

states that are most beneficial to the user, within the con-
text of a load prediction error model for HVAC energy 
management. For responsive commercial HVAC demand 
scheduling a day in advance, another study uses a regres-
sion method [10]. According to [11], a hierarchical control 
method might allow the HVAC system to serve as the prin-
cipal frequency regulator for the bulk system. In [12], an 
optimization method based on the work of Yuri Lyapunov 
is presented for managing HVAC loads without requiring 
estimates of price or temperature fluctuations. A distributed 
Tran’s active control market approach for HVAC systems in 
commercial buildings is presented in [13] to demonstrate 
the efficiency of HVAC systems during peak shaving and 
load shifting (Fig. 2). Using an adaptive control system, 
Andres-Chicote et al. [11], managed the building’s HVAC 
system to maximize both occupant thermal comfort and the 
building’s energy efficiency. Giuseppe et al. [12], proposed 
a model prescient control and hereditary calculation-based 
streamlining structure to diminish warming energy utili-
zation and related inconvenience. Wei and others intro-
duced an information-driven technique for controlling air 
conditioning frameworks with changing air volume giving 
profound support to learning. Deng et al. [14], proposed a 
unique HVAC control system that actively detects changes 
in the building’s environment by using DQN, resulting in 
significant energy savings.

All of the previously mentioned methodologies fall 
under the umbrella term of “model-based techniques,” 
which need logical arrangement tool compartments for 
pragmatic runtime of the executives as well as displaying 
the particular warm elements of the air conditioning while 
at the same time considering the impacts of the encom-
passing climate. Since the structure and hardware models 
should be acclimated to a given structure to deliver the right 

Figure 2. Schematic of the HVAC air distribution system.

Figure 1. The design of the thermal control system and 
Controller set Points (sensors).
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discoveries, the model-based approaches might experience 
the ill effects of estimation mistakes (for instance, building 
model incorrectness) and figuring failures. This presents a 
significant obstacle to the widespread application of mod-
el-based methods.

In the meantime, the outcome of Alpha Go [14] shows 
the headway that has been made in AI advancements like 
profound learning and support learning. In [15], the creator 
presents a wide outline of the possible utilizations of AI in 
the field of force framework research. In [16], an illustra-
tion of how AI-based technology is beginning to be imple-
mented in industrial applications in actual control centers, 
the primary known control-room utilization of man-made 
intelligence-driven circulated includes choice for an enor-
mous, certifiable power matrix is shown.

Specifically, profound Reinforcement learning (RL), 
which consolidates a profound brain organization (DNN) 
with RL, has collected critical interest as of late for its capa-
bility to successfully address exceptionally complex control 
and improvement issues across many aspects. Two unique 
ways to deal with upgrading the energy the board strate-
gies for HEVs are twofold Q learning [17] and ceaseless 
profound deterministic approach inclination (DDPG). 
Reinforcement learning (RL), a machine learning method 
that has emerged in recent years, features self-learning and 
online learning capabilities. RL is an information driven 
control approach since, utilizing the “activities and prizes” 
component, it can achieve the versatile improvement of 
regulators in any event, when no control framework mod-
els are free. In [18], the no concurrent advantage enter-
tainer pundit is utilized to decide the most practical times 
for the activity of an organization of decentralized power 
plants. In [19], a profound Q learning approach is created 
to help mass power framework upkeep direction. In [20], a 
protected profound RL technique is investigated to get the 
ideal control plan of the dynamic dissemination network 
considering voltage level cutoff points. To do this, we add a 
secure layer to the standard actor-network, which helps to 
ensure that voltage limitations are not breached.

A portion of the primary endeavors on the air con-
ditioning framework control issue zeroed in on the most 
proficient method to best utilize the strong profound RL 
technique to boost both energy and monetary effective-
ness. A convolutional neural network (CNN) approximates 
the state-activity esteem capability in [21] to more readily 
catch the spatial and worldly connections in the info state 
information. In [22], scientists investigate the utilization of 
a profound strategy slope (DPG) way to deal with dealing 
with a wide assortment of responsive necessities. Utilizing 
an actor-critic approach, [23] focuses on optimizing 
HVAC’s thermal comfort and energy consumption. In [24], 
an advantageous actor-critic-based HVAC control frame-
work is created for a comprehensive building energy model. 
To accomplish appropriate control balance across various 
HVAC systems, linear reinforcement is used [25].

All of these studies show that using deep RL techniques 
to optimize the HVAC temperature management strategy 
is more successful than using custom-built benchmarks. To 
reduce the search space, previous studies frequently discret-
ize continuous HVAC control activities like HVAC set point 
or air flow rate. At low granularities or without combining 
action spaces, discretization may achieve satisfactory per-
formance. However, when the action space is high-di-
mensional, as when controlling HVAC in a building with 
multiple zones, it encounters the exponential explosion 
issue. The algorithm’s performance suffers as a result, and 
deep RL technique training necessitates more simulations. 
When the action space is high-dimensional, like when con-
trolling HVAC in a building with several zones, however, 
it runs into the problem of exponential growth. As a con-
sequence, the algorithm performance degrades and more 
simulations are required for training deep RL techniques.

As a result of the above worries, this study additionally 
employs the DDPG technique to fine-tune the continuous 
thermal management strategy of commercial HVAC. Here 
is a quick rundown of what this study adds to the body of 
knowledge:
•	 Designed benchmark scenarios without RL to illustrate 

that the implemented DDPG may give larger monetary 
gains while keeping consumer comfort. 

•	 To demonstrate the superiority of the DDPG technique 
in managing the never-ending activity space, which is 
more typical in a plethora of verifiable scenarios, we 
lead a comprehensive correlation between it and the 
widely used direct assistance strategy.

•	 The optimum HVAC control technique is a well-trained 
deep RL approach with good generalizability and adapt-
ability that can handle a wide range of pricing signals 
and physical constraints.
Research paper insights in-depth exploration of the 

air conditioning control problem. A brief overview of two 
prominent deep reinforcement learning approaches. The 
paper also emphasizes the linear reinforcement method 
and simulation results of the DDPG method, along with 
a comparative analysis against the linear reinforcement 
method. The paper underscores the importance of the 
linear reinforcement method for its simplicity and ease of 
implementation. 

PROBLEM FORMULATION FOR MULTI-ZONE 
CLIMATE CONTROL IN COMMERCIAL MARKET 
SETTINGS

Commercial buildings, such as malls, offices, and 
supermarkets, contain distinct climate zones with different 
heating and cooling requirements. Controlling multi-zone 
efficiently is a challenge due to factors like occupancy fluc-
tuations, weather variations, building thermal properties, 
and energy costs. Multi-zone climate control systems aim 
to enhance energy efficiency while maintaining comfort 
and regulatory standards. Multi-zone HVAC (Heating, 
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Ventilation, and Air Conditioning) systems are designed 
to regulate the temperature and air quality across different 
zones within a building. Section 2.1. gives the brief infor-
mation about the various issues related to implementation 
of HVAC in multizone. 

Introduction to the HVAC Multi-Zone Control Issue
In this analysis, we focus on a multi-floor commercial/

market structure. The HVAC system has a setpoint that 
may be changed to regulate the interior temperature in 
each zone individually. In addition to the “Cooling” and 
“Heating” settings, an “Auto” setting is also available for the 
HVAC system. In view of the room’s ongoing temperature 
and the client’s chosen temperature edge, the air condition-
ing framework will consequently switch among cooling and 
warming when the indoor regulator is in “Auto” mode. To 
keep individuals agreeable, the warming, ventilation, and 
cooling framework will turn on when within temperature 
decreases beneath the setpoint. We will zero in on the sit-
uation in which all zones require warming without forfeit-
ing over-simplification. The motivation behind central air 
framework control is to give an agreeable inside climate at 
the most reduced conceivable energy consumption.

Multi-Zone HVAC System
A multi-zone HVAC system divides your house into 

smaller regions or zones, allowing you to independently 
manage the temperature in each. You could simply establish 
a distinct zone for each level or even separate zones for each 
room in the home, depending on the arrangement of your 
home and your individual wants and needs.

No matter how many zones you have, each one will 
have its own thermostat that solely measures and regulates 
the temperature in that zone. This allows you to control 
the temperature for that zone while leaving the rest of the 
building alone. Because all of the air still flows via the same 
air handler and ductwork, the only true constraint is that 
you cannot have one zone set to heating and another set to 
cooling.

Dampers, which are simply metal plates situated inside 
the ductwork that may open and close to control the airflow 
to each zone, are used in a multi-zone system. This is analo-
gous to blocking the supply vents to a specific room or area 
of the house. The distinction is that sealing the vents simply 
prevents air from entering that room, implying that air will 
continue to flow via that branch of the ductwork.

This is normally not suggested since it might cause a 
pressure imbalance inside the HVAC system, affecting how 
well and efficiently the system warms or cools. It also puts 
more strain on your furnace or air conditioner, which can 
contribute to premature wear and tear on its components. 
Multi-zone HVAC systems are not affected by pressure 
imbalance difficulties since the damper cuts off the whole 
branch or section of ductwork rather than merely turning 
it off at the end of the branch as happens when the vents 
are closed.

Despite the fact that each zone has its own thermostat, 
the system is still managed by a single central control panel. 
When a zone requires hot or cold air, the control panel 
opens the damper for that zone, allowing air to flow to the 
zone. When the zone achieves the desired temperature, the 
thermostat in that zone sends a signal to the central control 
panel, which closes the zone’s damper. Each zone may have 
a single damper or many dampers that govern the airflow to 
that zone, depending on the size and structure of the zones.

Application of Markov Decision Process (MDP) in HVAC 
Control Issue

In this subsection, we present a Markov Choice Cycle 
(MDP) detailing the multi-zone Business/Market air con-
ditioning the board issue that will be tended to in Area 3 
utilizing a without model profound RL-based approach. 
The current interior temperature, according to the 
enhanced warm elements model of air conditioning in [26], 
is only associated with previous state boundaries, such as 
the indoor temperature at the previous time span, and is 
independent of the indoor temperature at certain other 
time spans. Since climate control may be represented as a 
restricted Markov process, the RL method might be used to 
find optimal configurations. 

A controlled stochastic process with the Markov prop-
erty with costs assigned to state changes is referred to as 
a Markov decision process. A Markov decision problem 
consists of a Markov decision process and a performance 
criterion. A policy, mapping states to actions, that (possibly 
stochastically) determines state transitions to reduce the 
cost according to the performance criterion is a solution 
to a Markov decision problem. Markov decision problems 
(MDPs) provide the theoretical underpinnings for deci-
sion-theoretic planning, reinforcement learning, and other 
sequential decision-making tasks of interest to artificial 
intelligence and operations research academics and practi-
tioners. MDPs use dynamical models based on well-under-
stood stochastic processes and performance criteria based 
on known theory in operations research, economics, com-
binatorial optimized performance, and the social sciences. 
It appears that MDPs have a unique structure that can be 
used to accelerate their resolution. In investment planning, 
for example, the beginning state is frequently known with 
certainty (the present price of a stock or commodity), lim-
iting the range of likely achievable states (future values) and 
possible investment plans in the near-term future.

In general, MDPs have inherent properties such as time, 
action, and reachability in state space that can be used to 
create efficient algorithms for solving them. It is critical that 
we grasp the computational challenges involved in these 
sources of structure in order to understand the potential 
for efficient sequential and parallel algorithms that com-
pute both exact and approximate answers. The dynamics 
of an agent interacting with a stochastic environment are 
described by a Markov decision process. The Markov deci-
sion process describes the following development of the 
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system state over a (potentially infinite) sequence of times 
referred to as the stages of the process, given a starting state 
or distribution of states and a sequence of actions. This 
study focuses on the infinite-horizon scenario, when the 
stage sequence is unlimited.

The four fundamental parts of a MDP are the state (s), 
the activity (a), the probability of changing to another state 
(p), and the award (r). These four elements are at play when 
a multi-zone HVAC control issue arises in a commercial or 
industrial setting:

The user’s minimum acceptable temperature, Tlower(t), 
should be reported together with the current outside tem-
perature, Tout(t), and the current inside temperature, 
Tin,z(t), for each zone z. Fourth, the retail price is the 
retail(t) in this time step.

Keep in mind that the user’s minimum acceptable 
degree of discomfort is a time-dependent component of 
the condition. This is because we expect that HVAC occu-
pants have varying comfort needs throughout the day. This 
makes sense, since the interior temperature’s comfort range 
may be adjusted to save money on utility bills when no 
one is home throughout the day. When the home is used 
in the evenings and on weekends, the temperature may be 
returned to a more comfortable setting.

In order to achieve the preheating impact of HVAC, the 
current retail price is also included in the state parameters. 
Setting the air conditioning framework’s setpoint to a mod-
erately large number while the retail cost of energy is low 
takes into consideration early warming of within climate, 
saving money on energy costs that would otherwise be 
incurred as the temperature outside drops.

	 	
(1)

In this review, we exclusively center on the warming uti-
lization of the central air model. The dead band in Eq. (1) is 
the temperature range outside of which the thermostat will 
not switch between the on and off positions, hence prevent-
ing rapid cycling. In Eq. (1), when the interior temperature 
is above the user-specified comfort level, we can see that 
the HVAC system is turned on when the temperature drops 
below that level.
•	 Reward: During the control period, the cost of energy 

usage is added to the cost of comfort deterioration, 
which is defined as follows:

	 	 (2)

The HVAC system’s energy cost is represented by the 
first component in Eq. (2), where λ  retail(t), EHAVC(t), and 
t, respectively, denote the Δt control interval, power con-
sumption, and retail price; the subsequent term addresses 
the punishment for client solace infringement, still up in 
the air as follows.

	 	 (3)

Tth has a low value, which is a threshold used in Eq. (3). 
If the magnitude of the temperature deviation is less than 
Tth, it is disregarded. The dead band in the HVAC system 
makes it difficult to maintain the desired interior tempera-
ture at all times. There’s wiggle room for the thermostat 
inside the house because of the threshold. 

Since the prize incorporates the energy cost and the 
punishment, the multi-objective limit is provoked by rel-
egating various loads to the two goals, proposed by ωc and 
ωp in Eq. (2). The reduction of r(t) is a clear goal of air con-
ditioning warm control, which is the cost of energy con-
sumed in addition to the penalty incurred throughout the 
control cycle, to the bare minimum: r(t): ΣNT t=1r(t). As a 
result, a multi-step decision-making dilemma arises from 
the need for a long-term control approach to forestall the 
effects of unknowable future conditions.

Considering the abovementioned, this study utilizes 
the sans model profound RL way to deal with managing 
the imperceptibility inborn in the multi-zone Business/
Market air conditioning control issue. To be effective, the 
sans model RL approach requires no earlier information on 
the climate or state changes. It learns from the results of 
its decisions and exchanges information with its surround-
ings over time to improve its decision-making process. In 
this manner, mistakes made in forecasting due to unknown 
variables, as well as those made in measuring the thermal 
mass of a structure, may be avoided. In the following para-
graphs, we will go into further depth about the deep RL 
approach.

DDPG-BASED MULTI-ZONE HVAC CONTROL 
STRATEGY

Deep deterministic policy gradient (DDPG) is an RL 
algorithm that integrates deep learning with both poli-
cy-based and value-based approaches. It is particularly 
effective in multi-zone HVAC management, where it 
improves energy performance, maintains ideal comfort 
conditions, and adapts to environmental variations. Section 
3.1. insights the various methods in deep reinforcement 
learning.

Methods in Deep Reinforcement Learning
The RL approach is an AI procedure for further devel-

oping MDP dynamic systems. The MDP-specified reward 
serves as an input for the RL algorithm’s evolutionary pro-
cess. If the reward for continuing in the present direction is 
high enough, the algorithm will continue to look there, and 
vice versa. When there are time limitations or a hidden state 
space involved in a decision, the RL approach excels.

 The two most prevalent types are policy-based and val-
ue-based RL techniques. The approaches to activity assess-
ment are where the two methodologies diverge. Esteem 
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based RL assesses the Q worth of a state-movement pair 
(s, a), which is the all-out compelled reward starting from 
performing activity at state s, though procedure-based RL 
produces probabilities of all potential activities at the ongo-
ing status and chooses the activity with the most notewor-
thy probability.

The main RL strategy utilizes a DNN combined with 
RL. Figure 3 depicts a flow of the building control system 
using a deep neural network for thermal comfort and Deep 
Reinforcement learning for thermal control. In significant 
RL, the DNN is utilized as a backtracking device for fore-
seeing the Q regard (in accordance with the worth-based 
RL strategy) or the development likelihood (in accordance 
with the method-based RL approach). Figure 4 depicts a 
typical DNN layout for RL regression.

To perform significant level control for extremely con-
founded circumstances, for example, those with persistent 
state space or activity space, without the plain limits is the 
major advantage of the profound RL approach over the cus-
tomary RL technique. In contrast to traditional Q realizing, 

which uses an actual Q table to record all possible activity 
levels, advanced RL creates a more rounded relapse model. 
On account of constant control, this summed up relapse 
model gives more strong and versatile strategies against 
obscure circumstances. Straight Support will act as a sub-
stitute for esteemed based profound RL strategies, and the 
DPG approach will act as a representation of strategy based 
profound RL techniques. Then, at that point, the DPG strat-
egy, a ceaseless control technique that consolidates the pre-
viously mentioned approaches, will be described in depth as 
a means of determining an ideal multi-zone Commercial/
Market HVAC management strategy.

DDPG for Constant Temperature and Humidity 
Regulation in a Building

The DDPG (Deep Deterministic Policy Gradient) tech-
nique was specifically designed to address challenges involv-
ing continuous variables. Unlike the Straight Assistance or 
DPG methods, where the Deep Neural Network (DNN) 
generates Q-values or probabilities for all possible actions 

Figure 4. Approximating functions in RL using a DNN framework.

Figure 3. The flow of the building control system using DNN for Thermal comfort and DRL for thermal control.
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for the agent to choose from, the term “deterministic” in 
DDPG highlights that the DNN produces a single, defini-
tive output rather than a set of options. This unique charac-
teristic allows the action space to be defined continuously, 
facilitating effective handling of continuous control tasks. 
A key advantage of DDPG is its integration of Linear 
Reinforcement with DPG. The Deep Deterministic Policy 
Gradient (DDPG) algorithm is a reinforcement learn-
ing method that employs two neural networks working 
together to solve continuous action space problems. The 
functions they serve are described below.

 The entertainer network gets the present status and 
plays out a deterministic activity; the current status and the 
action made by the performer network are dealt with into 
the savant association, in which the value of the state-action 
pair, Q, is sent. Utilizing this new Q esteem, the entertainer 
organization’s settings will be changed. The entertainer 
organization’s misfortune capability is the greatest squared 
blunder (MSE) of the Q esteem, as per DPG rationale, while 
the pundit organization’s misfortune capability is the mean 
squared mistake (MSE) of the Q esteem. Taking everything 
into account, the entertainer network is answerable for 
choosing acts, while the pundit network assesses the picked 
activity [26-30].

As illustrated in Figure 5, the algorithm initially acquires 
state information for the external environment, such as 
temperature and retail price value. The program also 

receives a task ID from the external environment, which is 
a 0-1 binary variable that indicates whether the situation 
is cooling or heating. The task ID is an important indica-
tor of the current task on which the actor is working. The 
state parameters will then be normalized. Normalization is 
required because the state characteristics of the two jobs can 
differ greatly [31-32]. For example, in the cooling scenario, 
the outdoor temperature is substantially higher than in the 
heating scenario. Data that is not normalized might cause 
algorithm divergence [33]. The concatenation of the nor-
malized state parameters with the task ID is then delivered 
to the deep neural networks. The DDPG method employs 
two types of neural networks: the actor-network and the 
critic network. The actor-network generates HVAC control 
actions, while the critic network computes the Q value as an 
evaluation of the chosen action. There is also a behaviour 
network and a target network for both the actor-network 
and the critic network. The control action is produced by 
the behavior network, while the target network generates 
a target value for the behavior network to learn, which is 
analogous to labelled data in supervised learning. The tar-
get network aids in the stabilization of the training process 
[34,35]. The DDPG algorithm has four neural networks 
in total. Actor Network, Critic Network, Target Actor 
Network, and Target Critic Network. To improve action 
selection, the actor network updates itself using policy gra-
dients based on state inputs. The critic network calculates 

Figure 5. Multi-task DDPG for multi-zone HVAC control.
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the Q-value, representing the expected reward for a specific 
state-action pair [36-38]. Designed for stability, the target 
actor network is a delayed version of the main actor net-
work with slow updates. The target critic network acts as a 
backup of the primary critic, updating gradually to prevent 
fluctuations in Q-values. 

Similar to the Straight Support approach, the Deep 
Deterministic Policy Gradient (DDPG) algorithm utilizes 
two types of neural networks: the actor network (policy 
network) and the critic network (Q-value network). Each 
of these networks is paired with a corresponding target 
network, resulting in a total of four neural networks. The 
inclusion of target networks helps stabilize the training 
process by providing more consistent and reliable updates, 
which improves the convergence of the algorithm. 

The DDPG calculation is depicted in additional profun-
dity in the following segment 

Algorithm DDPG for Optimal HVAC Control Design
Similar to Linear Reinforcement, an actor-network is 

constructed using the DDPG method to choose a determin-
istic activity. The DDPG calculation utilized is made sense 
of more meticulously underneath. Before initiating their 
respective target networks, we randomly initialize the actor 
network and the critic network, both of which are neural 
networks [39]. The system state is initialized at the start of 
each cycle, and the current actor-network is used as the set-
point for selecting an HVAC control action [40]. In order to 
encourage the algorithm to further investigate the chosen 
action, some noise is included [41]. During the full t period, 
the specified action is carried out in the environment while 
the outcome states and rewards are monitored. To train an 
algorithm, the state transition (s(t), Setptz(t), r(t), s(t + t)) 
is recorded in a replay buffer. Once enough transitions have 
been gathered, a random subset of transitions is used to 
update the parameters of the actor-network and the behav-
ior network. The assumption of independence and uniform 
distribution in the learning model may be preserved by the 
use of random selection, which can sever temporal connec-
tions between transitions. The efficiency with which the 
transitions may be used is further improved by the fact that 
they can be sampled several times [42]. 

In response to the loss functions, adjustments are made 
to the Q and of the neural network. The mean squared mis-
take (MSE) between the objective Q respect and the gen-
uine Q respect is utilized to portray the blunder-making 
ability of the predominant scholarly union. The objective Q 
esteem is the sum of the continuing prize and a limited Q 
esteem from the objective pundit organization “Q,” where is 
the contrast error, for the new control stretch “t + t,” where 
is the discount variable [40]. Subsequent to deciding the 
misfortune capability, the Q conduct pundit organization’s 
boundaries are changed utilizing the angle. The pace of 
learning is denoted by ηQ.

The actor network’s loss function is designed to opti-
mize the quality factor (Q):

 	 	 (5)

The actor-network Q(s;θQ) is used to provide the solu-
tion an (i)(t) in Eq. The chain rule is utilized to work out 
the Q worth’s slope according to. While the conducting 
network is continually being refreshed, the objective pundit 
organization and target entertainer organization’s bound-
aries, θQ and θπ, are changed at a slower pace. This more 
gradual update serves to strengthen the reliability of the 
learning process. The actor network is updated using pol-
icy gradients, influenced by the critic’s Q-values. The critic 
network is updated using the TD error, learning to pre-
dict accurate Q-values. Both networks gradually improve 
through these updates, with target networks stabilizing 
the process. Through this iterative process, both the actor 
and critic networks become better at selecting actions and 
evaluating them, leading to improved decision-making and 
long-term rewards [43,44]. 

PROBLEM FORMULATION

Energy management in smart homes has become 
increasingly important due to rising energy costs and the 
need for sustainable practices. This research focuses on two 
primary objectives: cost minimization and efficiency in 
energy management. By leveraging time-of-day tariffs and 
various optimization algorithms, this study aims to develop 
strategies that reduce energy costs and enhance efficiency 
without compromising the residents’ comfort.

Rating Performance
Here, we prove the benefits of the DDPG method by 

simulating it with real-world data and comparing it to the 
linear reinforcement-based discrete control method and the 
benchmark cases. This is done so as to show that the DDPG 
method is the superior choice for multizone Commercial/
Market HVAC systems.

Modelling And Simulation Setting
Real-world weather data is used for training and test-

ing in a two-zone house HVAC model from 1/1/2021 to 
31/12/2021 for 8 different zones (TOUT, ITUZ1, ITUZ2, 
TCWZ2, TCH2, TDICZ1, TIECZ1, and TDXZ1). The goal 
of using such a dynamic pricing sequence is to test the deep 
RL agent’s ability to decode market signals and adapt its 
control tactics accordingly. It is also believed that the user’s 
minimum acceptable degree of comfort fluctuates 144 
times every day.

 The RL agent’s control interval is set at 10 minutes Δt 
= 10. 

Since we only care about how the HVAC system affects 
heating, we chose the November weather data for training. 
Each training session is considered one episode. Each epi-
sode will provide 24 transitions of the form: 

	 (s(i)(t), Setpt (i) z (t), r(i)(t), s(i)(t + Δt))	 (6)
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The RL agent learns from 10,000 simulated events. After 
the RL agent has been trained, it will be used in further tests 
under varying environmental circumstances.

Deep RL’s DNN Architecture Design
The DDPG’s actor and critic network architecture is 

laid out in full in Table 1. Linear reinforcement learning’s 
architecture is included for reference, as well. The present 
configurations of the DDPG model and the linear rein-
forcement learning model are the best of many potential 
outcomes gained via trial and error.

The scalar estimated Q value is output by the critic net-
work in the DDPG method, whereas the actor network out-
puts the setpoint for each zone after receiving the vector of 
state variables and the vector of action variables as inputs. 

Temperature and humidity are continuous variables, 
hence DDPG can be used for continuous action control 
directly, whereas DNN requires action space discretiza-
tion. Although the setpoint is a consistent variable, there 
is dependably a scope for it to keep clients agreeable. 
Accordingly, the entertainer organization’s result layer 

utilizes tanh as the actuation capability, restricting the result 
to the stretch [-1,1]. 

	 	 (7)

 Yields the genuine setpoint, where yout is the entertainer 
organization’s result and ΔT is the set point’s upper reach. 
ΔT is set to 2oC in the reenactment. As a result, the DDPG 
RL model chose a value for the setpoint that is between 
[Tlower, Tlower + 2].

 The outputs of the Linear RL algorithm are identical 
to the inputs. With a stage size of 0.5 0C, we discretize the 
setpoint space to meet the requirements of Linear RL’s dis-
crete action space. This means the 2-zone HVAC system 
has 25 possible configurations, with 5 actions each zone. 
Figure 6 shows a comparison of the thermal control strate-
gies, DDPG and DNN. Temperature and humidity are con-
tinuous variables, hence DDPG can be used for continuous 
action control directly, whereas DNN requires action space 
discretization. A vector of 25 Q values, each of which rep-
resents a unique set of actions, is what you get when you 
run Linear RL.

Figure 6. A comparison of the thermal control strategies, DDPG and DNN.

Table 1. The DDPG and linear RL algorithms both make use of a DNN-based framework

Algorithm DDPG Linear RL

Critic network Actor network
Air Conditioner 1500 6

Input Size (1,7) (1,5) (1,5)
Number of Secret Levels 2 2 2
the thickness of each covert layer (7,20), (20,10) (5,20), (20,10) (5,20), (20,10)
Quantity of results (1) (2) (25)
The secret layer’s activation function ReLU ReLU ReLU
Rate of learning (η) 0.001 0.01 0.01
Payoff significance ωc: 10, ωp: 1
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Effectiveness of Real-Time Climate Control
Real-time climate control refers to the dynamic adjust-

ment of heating, ventilation, and air conditioning (HVAC) 
systems based on live data from environmental sensors, 
occupancy patterns, and external weather conditions.

THE DDPG AND RL LINEAR 
ALGORITHMS 
HAVE REACHED CONVERGENCE

The average performance improvements achieved after 
each training session were evaluated for both the deep 
deterministic policy gradient (DDPG) algorithm and the 
linear reinforcement learning (linear RL) approach.

Linear-based approaches and linear reinforcement 
models generally refer to traditional control methods or 
simpler reinforcement learning (RL) techniques where 
policies, value functions, or both are modeled using linear 
functions. These approaches are commonly used when the 
system dynamics are relatively simple. For DDPG, the gains 
demonstrated a non-linear progression, characterized by 
significant jumps in performance as the model fine-tuned 
its policy through exploration and exploitation of the action 
space. In contrast, the linear RL approach exhibited a more 
steady and incremental improvement pattern, reflecting 
the constraints of its simpler policy structure and limited 

adaptability. This contrast underscores the differences in 
learning dynamics and capability between the two meth-
odologies. In the first few episodes, returns seem to be on 
average higher than in the last few. This happens because an 
arbitrary training day is chosen for each episode. On days 
with moderate exterior temperatures, the energy cost and 
penalty of exercise may be relatively low, and vice versa. 
As training progresses, however, more episodes are added, 
decreasing the average return. However, the DDPG RL 
approach often yields greater returns than the Linear RL 
approach. The linear RL model’s output is higher than the 
DDPG RL models, and after 10,000 episodes, the combina-
tion of actions has not been thoroughly explored, resulting 
in a lower average return. The algorithm used for the pres-
ent research work is as follows:

 Figure 7 shows the convergence of Linear RL and 
DDPG RL model for all episodes of different zones. From 
Figure 7 it is observed that the convergence of the Linear RL 
model is much less as compared to the DDPG model whose 
converge is 100 % of all episodes. 

Computational per unit efficiency
 Using the real-world data the DDPG RL agent is trained 

and then used for 20 test days in January 2021 to provide 
the best possible HVAC management plan. The whole 
examination process takes no more than eight minutes. 
The software utilizes the free and open-source TensorFlow 
framework for deep learning and is developed in Python 
3.6. The platform consists of a laptop equipped with 16.00 
GB of RAM and a 2.8 GHz Intel®CoreTM i7- 7600U CPU.

Figure 8 shows the Per Unit Efficiency of the DDPG RL 
model for Different zones such as TDECZ1, TIECZ1, and 
TDXZ1. The light green color in the above figure shows the 
higher Per-Unit Efficiency for most of the episodes which 
lies between 1.3 to 1.4.

Figure 7. Converge of linear RL and DDPG RL model.
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Comparison of the DDPG with the linear RL model
After step of convergence, we count the mean number of 

steps required for converge of the episode and rewards. The 
mean number of steps taken by linear is 115.4 which is very 
higher that steps taken by DDPG model and it’s also time con-
suming too. Mean steps taken by DDPG model is only 9.9. The 
mean and maximum step taken by both the model also men-
tioned in above Table 2. Figure 9 shows that the proper differ-
ence between numbers of steps taken by each selected model.

Temperature of selected zone
The temperature range in Zone 1 and Zone 2 after 

the application of a designed model for controlling the 
temperature of Commercial/Market buildings is shown 
in Figure 10 and Figure 11. In zone one control tempera-
ture lies between 28.4 °C to 28.8 °C, in zone 2 this tem-
perature lies between 20 °C to 30 °C. This minimization 
of temperature is possible by the DDPG RL algorithm 
model.

Figure 8. Per unit efficiency of DDPG for different zones.

Table 2. Comparison of the DDPG model with linear RL model

Type of model Total samples % Converge Mean (Steps) Min (Steps) Max (Steps)
Linear model 10,000 56% 115.4 5.0 200.0
DDPG model 10,000 100% 9.9 3.0 20.0

Figure 9. Mean step required for convergence of sample for both the models.

Figure 10. Temperature of TZ1.
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CONCLUSION

 In this study, the DDPG RL technique is used to regu-
late a commercial/market HVAC system with many zones 
to reduce energy costs without sacrificing comfort. Using 
DNNs, the DDPG can keep the temperature and humidity 
in the building at a constant level. The simulation results 
demonstrate that a well-trained DDPG RL expert can act 
wisely to adjust the various improvement targets and that it 
can also acquire speculation and flexibility to concealed cli-
mate, recommending its true capacity for future web-based 
applications in tackling MDP issues with stowed away data 
or with consistent pursuit space. The RL-based control 
method’s stability will be further enhanced by research on 
two main areas in the future:
•	 The deep RL agent must first master the ability to adjust 

to a variety of seasonal conditions by automatically 
switching between cooling and heating modes of opera-
tion in order to provide HVAC customers with cost-ef-
fective management techniques over a year-long period; 

•	 The deep RL specialist should have the option to learn a 
set point plan that takes client preferences into account 
more in order to provide HVAC management strate-
gies that are more flexible. We can increase the deep RL 
agent’s adaptability and resistance to the uncertainties 
that arise in real-world applications by exploring these 
two directions.

•	 The study highlights the potential of DRL, particularly 
the DDPG approach, in revolutionizing air condition-
ing control systems. While the linear reinforcement 
method serves as a valuable baseline, the superior 
performance of DDPG underscores the importance 
of advanced learning techniques in tackling complex, 
dynamic control problems. This research contributes 
to the growing body of knowledge aimed at developing 
energy-efficient and user-centric AC control solutions.
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