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Abstract:  This paper explores the role of HVAC in achieving indoor thermal comfort for occupants. The 

performance of HVAC systems is measured using the coefficient of performance (COP), which indicates 

lower energy consumption and higher efficiency. Indoor thermal comfort levels are determined using 

expected mean vote (PMV) or indoor air quality (IAQ). Building energy flexibility is achieved through 

changes in HVAC system operation and human thermal comfort. Single-objective optimization aims to lower 

energy consumption while still providing acceptable occupant comfort, leading to higher comfort but lower 

efficiency. Multi-objective optimization aims to optimize energy use with minimum occupant complaints, 

resulting in a balance between energy conservation and human-centric control, resulting in low operational 

costs and happy occupants. The paper reviews various optimization methods for HVAC systems, including 

data-driven, physics-based, and grey box models, and discusses the development of Supervisory and Local 

Level ANN-MPC for HVAC systems in various buildings. The paper concludes by providing an overview of 

various HVAC system optimization approaches, including ANN-based MPC and optimization research, and 

their potential energy and cost savings. 
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I. INTRODUCTION 

 

The Heating, ventilation and air-conditioning (HVAC) systems are crucial in providing comfortable indoor 

temperatures for building occupants, regardless of outdoor temperatures. The coefficient of performance 

(COP) is used to assess the energy performance of these systems globally.[1] The COP (Cooling/Heating 

Efficiency) is the ratio between the produced energy and the input, and higher COP results in lower energy 

consumption and higher system efficiency. HVAC systems, based on Carnot's Theorem, depend on the 

difference between indoor and outdoor temperatures. To increase COP for lower energy consumption, indoor 
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temperatures can be adjusted to provide a comfortable environment without excessive electrical energy 

consumption. [2] This paper focuses on indoor thermal comfort, specifically the effects of HVAC systems in 

buildings. Thermal comfort levels can be measured using indicators like the predicted mean vote (PMV) or 

indoor air quality (IAQ). PMV, introduced by Fanger, is widely used in optimization of comfort levels 

produced by HVAC systems. It predicts the mean value of votes on a 7-point thermal sensation scale, ranging 

from -3 to +3. The recommended PMV range is between -0.5 and +0.5. PMV values are determined based on 

air temperature, radiant temperature, activity rate, air velocity, relative air humidity, and clothing insulation. 

To achieve a good PMV value, several combinations of these six parameters can be manipulated, but the 

combination must not consume too much electrical energy.[3,4]  

The HVAC system operation needs optimization to reduce building energy usage and provide thermal 

comfort. This can be achieved through single-objective optimization, which focuses on minimizing electrical 

energy consumption while ensuring minimum comfort levels for occupants. Multi-objective optimization, on 

the other hand, finds a balance between minimizing energy consumption and maximizing comfort for 

occupants.[5] This paper reviews various HVAC system optimization approaches to achieve a balance between 

building electrical energy consumption and thermal comfort. It discusses three broad approaches: 

manipulating energy consumption and predictive models, controlling parameters, and building design 

parameters. The paper also discusses the advantages and limitations of each approach and recommends 

suitable scenarios for each. It covers classic and advanced techniques, as well as recent and advanced 

techniques.[6,7]  

This paper reviews data-driven, physics-based, and grey box models for HVAC systems. ASHRAE has 

published handbooks and energy calculation toolkits for primary and secondary components, including 

dynamic, steady-state, and quasi-steady state models. Technical documentation of building energy simulation 

programs like TRNSYS, EnergyPlus, and HVACSIM+ provide models of common HVAC system 
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components. The U.S. Department of Energy maintains a listing of building energy simulation software tools, 

including popular tools like BLAST, BSim, ESP-r, and DOE-2. Several toolboxes for Matlab Simulink have 

been developed to simulate building and HVAC systems, including international building physics toolbox 

(IBPT), SIMBAD toolbox, CARNOT toolbox, HAM-tools, and ASTECCA toolkit. [8] The Recent literature 

reports on various modeling approaches, such as fuzzy logic (FL) modeling for HVAC systems, software for 

HVAC component simulation, and Matlab Simulink use in HVAC systems research. However, no 

comprehensive survey of HVAC systems models covering data-driven, physics-based, and grey box modeling 

approaches has been reported, despite significant progress in HVAC system modeling.[9] 

Evaluation of ANN-based MPC and HVAC system optimization :- 

This section reviews ANN-based MPC and optimization research for HVAC systems, focusing on different 

building types, control objectives, modeling data generation, ANN architecture, and optimization method 

selection. It discusses each factor with specific examples from literature and presents the potential energy and 

cost savings of these approaches. 

Structure and HVAC structure 

The paper discusses the development of Supervisory and Local Level ANN-MPC for HVAC systems in 

various buildings, including public universities, commercial universities, commercial airports, experimental 

research facilities, automotive applications, integrated day lighting HVAC systems, warehouse and 

manufacturing areas, and schools. Despite its application in various buildings, ANN-MPC has not been used 

for residential buildings, particularly houses. Many commercial buildings have supervisory control, but most 

houses lack such control. This presents an opportunity to develop such controllers for residential HVAC 

systems to reduce energy consumption and operating costs.[10] 

The paper discusses the development of ANN-MPC for the residential HVAC system of a house, focusing on 

the need to develop a controller that can reduce energy consumption and operating costs. The paper also 

discusses the potential of ANN-MPC in commercial buildings, where most buildings lack any form of 

supervisory control.[11] 

In conclusion, the paper highlights the importance of developing ANN-MPC for residential HVAC systems 

to reduce energy consumption and operating costs. By implementing ANN-MPC in commercial buildings, 

researchers can develop more efficient and cost-effective HVAC systems for residential buildings.[12] 

 Control objective 

MPC is frequently used at the supervisory level to maximize energy consumption on a building-by-building 

basis. The notion of supervisory control is the source of the concept of employing MPC to conserve building 

energy. Generally speaking, the control objective is to reduce tracking error and control effort when MPC is 

used in the local level controller. However, the control aim is often expressed as one or a mix of the following 

when ANN-MPC is applied at the supervisory layer.[13] 

1. Reduce your electricity use  

2. Ensure comfort in terms of heat  

3. Keep the quality of the indoor air (IAQ) at a respectable level.  

4. Reduce operational expenses 
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5. Keep visual comfort at a respectable level. 

6. Cut down on retrofit expenses 

7.Cut down on hours of thermal discomfort [14] 

A single objective optimization is achieved when only one of the following statements is stated, while a multi -

objective optimization aims to achieve multiple objectives simultaneously. HVAC systems typically consist 

of multiple subsystems, and energy consumption is calculated and minimized simultaneously. Thermal 

comfort is calculated using the predicted mean vote (PMV) index, which predicts the mean response of a 

group of people according to the ASHRAE thermal sensing scale. The neutral value is 0, where most people 

will feel comfortable.[15] 

Indoor air quality (IAQ) refers to indoor air temperature, humidity, and carbon dioxide (CO2) level. These 

factors depend on internal and external disturbances acting on the system. HVAC systems use heating/cooling, 

humidification/dehumidification, and ventilation systems to control these factors. A comfortable indoor 

temperature and humidity can be adjusted according to ANSI/ASHRAE standards, which range from 19.5 to 

27.8 degrees Celsius. Relative humidity in occupied spaces should be controlled less than 65%, as higher 

humidity can increase the likelihood of conditions leading to microbial growth. The ventilation rate is 

determined based on the CO2 generation rate in the space.[16] 

Modeling data 

To develop data-driven models like Artificial Neural Networks (ANN), a rich data set is required, which 

includes all possible working conditions. Data can be measured from the site under normal operation or under 

special data gathering test conditions using the pseudo-random binary sequence (PRBS). Building energy 

simulation programs such as Transient System Simulation Tool (TRNSYS) and Energy Plus Energy 

Simulation Software can generate data sets for training and validation. In this study, over 500 parameters 

including air temperature, humidity, flow rate, and energy consumption were recorded at 1 minute intervals 

for 17 days. The database was generated by the EnergyPlus model, with 75% used for training and 25% for 

testing. A comprehensive building model was developed in TRNSYS, and a simulation database was 

generated to train and validate the ANN models.[17] 

Forecasting weather parameters can be estimated using prediction models or downloaded from government 

servers where available. Three auto-regressive predictive models were used to predict outdoor air temperature, 

humidity, and global solar radiation. In this study, the outdoor air temperature and solar radiation were 

forecasted for 8 hours into the future based on previous day values corrected by current values. Occupancy 

can be forecasted using schedules and occupancy sensors, such as passive infrared (PIR) sensors. Occupancy 

can also be estimated through the CO2 generation rate in the indoor space. Real-time occupancy was measured 

using PIR sensors, and a movement signal was calculated based on PIR sensors to be used in predictive 

control. Variable electricity price is generally known in advance, with prices having a fixed structure 

consisting of four periods of taxation. In Toronto, electricity price has a three-tiered structure, which was used 

in the next part of this paper. [18]All input/output data should be scaled to a [-1,1] range prior to the training 

of ANN to improve the efficiency of training. Data normalization gives equal weight to all variables in the 

model. [19] 
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Optimization of HVAC Operational Parameters 

By optimizing the parameters of the HVAC system models, an appropriate operational parameter setting may 

be found that will provide a desirable interior environment without requiring HVAC systems to consume a 

significant amount of electrical energy. The majority of HVAC system models show how different operational 

factors, such temperature, humidity, and energy usage, relate to the system's output parameters. As elucidated 

in the subsequent sections, the optimization of these operational parameters may rely on either the predictive 

or the traditional energy consumption models.[20] 

Optimizing operational parameters with the use of traditional energy consumption models  

The method of optimizing operational parameters of an HVAC system is based on a model that relates these 

parameters, such as air temperature, airflow rate, and air static pressure, with the energy consumption of the 

system. Energy consumption is defined as the total power usage from its components, such as the chiller, fan, 

pump, and cooling tower. Many parameters affect the amount of energy used by these components, and 

several are used as optimization variables.[21] 

 

 

 

 

 

 

 

 

 

Some works consider two operational parameters to minimize energy consumption: the temperature of the 

chilled water supply and the supply airflow rate, while others use the supply air temperature set point and the 

air static set point. For example, in, the optimization variables included the cooling water temperature, the 

chilled water temperature from primary chillers, the chilled water temperature from secondary chillers, and 

the supply air temperature.[22] 

 

Other optimization parameters include two zone temperatures, humidity ratios, discharge-air temperature, the 

temperature of chilled water, outdoor airflow rates, supply airflow rates, and static pressure in the duct system. 

The optimized operational parameters are then sent to local control loops like the fan speed control loop to 

achieve optimized HVAC performances. 

The HVAC system can be optimized by minimizing energy consumption, resulting in optimized operational 

parameters and energy savings. These savings can be up to 10%, 7.66%, 11.82%, and 20% compared to the 

non-optimized, fixed-setting operation method. To reduce energy usage, some works aim to minimize total 

exergy loss, which is the energy available to be used. High exergy loss indicates low efficiency, while low 

exergy loss indicates high efficiency. Total exergy loss is defined by Equation and includes energy loss from 
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cooling tower water flow, cooling tower energy consumption, chillers, air handling units, and outflow exergy. 

Reducing energy consumptions of chiller, fan, pump, and cooling tower can also reduce total exergy loss.[23] 

The proposed approach optimizes parameters such as supply cooling water temperature setpoints, supply 

chilled water temperature, and outdoor air flow rate to reduce energy consumption in HVAC systems. The 

optimized parameters can achieve up to 12% and 9.2% reductions compared to non-optimized techniques. 

Particle swarm optimization and harmony search algorithms are used to minimize HVAC energy consumption 

and room temperature ramp rate. The proposed method results in 15% energy saving, which is significantly 

higher due to building thermal dynamics. This shows that modeling the energy consumption model of HVAC 

systems can be done based on both the system itself and building temperature dynamics, resulting in 

significant energy savings. Table  summarizes works on operational parameters optimization based on the 

conventional energy consumption model.[24] 

Optimizing operational parameters using predicted energy consumption models 

Predictive control models have been introduced to make HVAC systems more energy-efficient and 

comfortable. These models are simpler and easier to apply in real-time compared to other models like dynamic 

and physical-based ones. They can predict system outputs like temperature, humidity, CO2 concentration 

level, and occupancy levels. Predictive models have been used in optimization works on HVAC system 

operation in recent years. The prediction of the desired output is based on the current and/or previous values 

of controlled parameters (𝑥) and uncontrolled parameters (𝑣). Equation provides a time interval, supply air 

static pressure setpoint, and supply air temperature setpoint. The controlled parameters to be optimized can 

be the supply air temperature set point, supply air static pressure set point, and the air and mean radiant 

temperature of the space affected by building thermal dynamics.[25] 

Single-objective optimization of HVAC systems has been successful in reducing energy consumption by 

about 17.24%. Multi-objective optimization uses multiple predictive models to reduce energy consumption 

without negatively impacting indoor air quality (IAQ). The predictive energy consumption model, air 

temperature, air humidity, and CO2 concentration were used as objective functions to determine the optimized 

parameter settings for 𝑥1 and 𝑥2. One multi-objective approach combines all objective values into a single 

function to minimize them, such as Equation. The values of four objectives correspond to total energy, 

temperature, humidity, and CO2 concentration. Violations of parameters are usually caused by a lack of 

knowledge to set the HVAC system to satisfy the building's thermal dynamics. The minimum and maximum 

values of these objectives were utilized, along with the weight of the system.[26] 

The study focuses on optimizing energy consumption in buildings by reducing energy consumption without 

violating Indoor Air Quality (IAQ) constraints. The weights associated with each objective are based on user 

priorities or biases. The method has been reported to reduce energy consumption by about 12.4% without 

significantly violating IAQ constraints. The higher the weight value, the lower the violation level. Omitting 

IAQ in objectives weight reduces energy consumption but results in a major violation of IAQ levels. By 

including IAQ violations as an optimization objective, the system can satisfy building comfort needs without 

causing high energy consumption. 
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The HVAC optimization works based on manipulating operational parameters were similar to those in 

Equation 4, but with three objective functions instead of four. The multiobjective formulation showed energy 

reduction potential of 13.4% without violating IAQ constraints. Another work used predictive models of 

energy and temperature, reducing energy consumption by 18.5%. As more objectives were included in the 

optimization problem formulation, energy saving potentials decreased due to the need to compromise energy 

consumption with IAQ requirements.[27] 

In Equations 5 to 11, the comfort index (PMV) was used instead of the IAQ. The PMV value is determined 

by air temperature, mean radiant temperature, activity rate, air velocity, relative air humidity, and clothing 

insulation. Not all six parameters can be controlled, so only some are used as variable parameters. Parameters 

such as clothing types, humidity, and air speed can be set to a certain normalized or average value depending 

on the building and activity. 

The optimization objective was to minimize violation of PMV while reducing energy consumption. The 

operating parameters needed to be optimized and controlled were supply water temperature, air temperature, 

and mean radiant temperature. This approach reduced HVAC system energy consumption by up to 10% while 

maintaining occupants' comfort. Recent energy-comfort optimization based on the PMV model increased 

energy saving potential to 46% and 33%.[28] 

The conventional energy model for optimizing HVAC systems can reduce energy consumption, but more 

models are needed for efficient operation. IAQ and PMV are used to achieve low energy consumption while 

maintaining thermal comfort. Predictive models are used in multi-objective optimization, but they require 

system identification, which can be time-consuming if the models need to be accurate. Despite these 

limitations, the basic method is still used and improved to more advanced versions. 

HVAC Controller Enhancement 

The control system of a HVAC system is crucial for improving its dynamic performance. Overshoot of the 

supply air temperature is a significant parameter, as high overshoot can lead to electrical energy wastage. To 

reduce overshoot, real-time optimization techniques have been used to minimize tracking errors of the system 

response. This has reduced tracking errors by over 26% and energy consumption by 10%. However, high 

tracking error occurrences occur when the setpoint temperature changes.[29] 

Genetic algorithm (GA) has been used to optimize fuzzy control rules and membership functions in 

controlling set point temperature, aiming to minimize energy consumption while providing comfortable PMV 

values. This method has reduced cooling and heating energy consumption by up to 16% and 18%, 

respectively, compared to the performance of a widely used control tool EnergyPlusTM. 

Another work related to fuzzy logic control optimization for a HVAC system involves setting the fuzzy 

controller to be self-tuned using the GaussNewton method for nonlinear regression models with the PMV 

model to avoid discomfort to occupants while reducing energy consumption.[30] 

The Proportional–Integrate–Derivative (PID) controller is a widely used control method for HVAC systems, 

which can reduce electrical energy usage by at least 30%. By optimizing the parameters, environmental 

parameters like temperature and humidity can be improved. This approach reduces overshoots and shortens 

the time taken for room temperature to reach desired values, increasing energy efficiency. The optimized PID 
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controller can reduce the energy consumption of the HVAC system by up to 20%. This approach has been 

implemented with fuzzy rules for tuning parameters, resulting in improved control of environmental 

parameters. 

 

 

 

 

 

 

 

 

 

 

An adaptive neural network control strategy was proposed for efficient HVAC system control using setpoint 

tracking of supply air temperature. The strategy uses the simultaneous perturbation stochastic approximation 

(SPSA) algorithm to tune controller weights for various environmental conditions. The strategy responds well 

to changes in supply air temperature setpoints without significant time delay or overshoot compared to a fixed 

parameter PID controller. Particle swarm optimization (PSO) and back-propagation (BP) algorithms were 

used to improve temperature control. The mean squared error was introduced as a performance function to 

optimize energy consumption and occupant comfort in the HVAC heat setting predictive model. This method 

maintains good comfort without affecting energy consumption. Control of HVAC system response is crucial 

as weak control can lead to discomfort and unnecessary use of electrical energy. Accurate mathematical 

models are required for better controller implementation, but this approach has proven effective in reducing 

electrical energy consumption. Including optimization algorithms for optimal controller parameter values 

further improves HVAC system performance.[31] 

Optimizing HVAC Building Design 

Energy consumption in buildings can be reduced by planning ahead, evaluating the efficiency of HVAC 

systems, and considering design combinations and thermal characteristics of elements like wall thickness, 

wall material, window width, and window blinds. These factors determine energy demands, consumptions, 

and life cycle costs. Buildings with better thermal environments can save up to USD160 billion annually. 

Simulation-based optimization methods have been introduced for designing green buildings, considering 

factors like HVAC system, building materials, and designs. An advanced version of a simulation tool called 

SEDICAE was introduced, which is an expert system for designing energy-efficient buildings. By focusing 

on these factors, buildings can save up to USD160 billion annually.[32] 

The study focuses on optimizing the energy rating of buildings by determining the type of construction 

materials and HVAC system. The materials are chosen based on their thermal properties, such as U-values, 

solar factor, and g-value, and the HVAC system is chosen based on the types of demand - cooling or heating. 

The Tabu search algorithm was used to optimize the original building design proposal, resulting in a 30 -year 

http://www.ijcrt.org/


www.ijcrt.org                                               © 2024 IJCRT | Volume 12, Issue 11 November 2024 | ISSN: 2320-2882 

IJCRT2411297  International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c649 
 

life cycle cost as low as EUR5840. The Exergy Analysis Model for Retrofit Optimization (EXRETOpt) was 

used to determine the optimized building design parameters, including HVAC system types, insulation type 

and size, sealing percentage of cracks, joints, holes, window glazing level, cooling/heating set points, and 

lighting system type. The study found that increasing insulation thickness increases energy usage but 

decreases exergy reduction. The HVAC system configuration also affects energy usage, exergy destruction, 

and comfort level. The method achieved improvements of 62.1% in annual energy use, 57.9% of exergy 

destructions, and up to 29.3% thermal comfort. 

A genetic algorithm (GA) optimization method was used to create an energy-efficient building design without 

compromising occupants' predicted percentage of dissatisfaction (PPD). The EnergyPlusTM simulation 

program evaluated the building's comfort level and annual energy consumption. 80 design variables were 

considered, including window design, wall design, floor design, and HVAC schedule details. A simplified 

work for low HVAC system energy consumption was introduced using EnergyPlusTM. The Hooke-Jeeves 

pattern search algorithm was used to solve the single objective optimization problem, resulting in 14% energy 

consumption reduction.[33] 

CONCLUSIONS 

This paper reviews optimization works related to buildings' HVAC systems to achieve energy-saving 

operation while maintaining occupant comfort. The optimization works focus on three areas: HVAC 

operational parameters optimization, HVAC control system optimization, and building design optimization. 

Operational parameters optimization aims to obtain optimal operational parameter settings for the HVAC 

system, reducing energy consumption while maintaining comfort. Two recommended methods are 

conventional energy consumption models and predictive HVAC system models. The PMV approach has a 

better response than the IAQ with a 46% reduction in energy consumption. 

Controller optimization improves the response of HVAC system outputs to avoid unnecessary energy waste. 

Building design optimization focuses on determining low-energy building designs based on the type of HVAC 

system, construction material, building direction, and window design. Fuzzy logic tuning optimization 

provides the best performance in reducing energy consumption. Combining a predictive HVAC system 

approach with a fuzzy logic controller is suggested as the best result.[34] 

The review shows that optimizing HVAC systems can be done on both the HVAC system itself and building 

design and thermal dynamics. Operational parameters and controller optimization approaches can provide up 

to 30% electrical energy consumption reduction while maintaining occupant comfort, while building design 

parameters optimization can provide up to 62.1% reduction. 

Various optimization approaches have been used to achieve optimal HVAC energy consumption and thermal 

comfort levels in buildings. Selection of building design parameters before construction significantly impacts 

the usage of HVAC electrical energy. When combined with optimization approaches for the HVAC system, 

based on building thermal dynamics, further savings can be achieved.[35] 
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