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A Building Management System (BMS) aims to maintain optimal thermal comfort within an air-conditioned
space, even as external conditions fluctuate. Integrating an optimization model with the Air Handling Unit
(AHU) enhances the unit's overall performance while minimizing power consumption. This work focuses on
designing and constructing an Air Handling Unit that evaluates performance parameters under varying climatic
conditions. Air passes through a helical-coil dehumidifier, an ultrasonic humidifier, and a damper into the room
to regulate the required conditions. This study proposes a machine learning-based optimization framework to
regulate thermal comfort while minimizing energy consumption in Air Handling Units (AHUs). A predictive
model was developed using Random Forest Regressor, XGBoost Regressor, and Artificial Neural Network (ANN),
trained on experimental data to estimate PMV, PPD, and energy consumption based on input air conditions. A
self-adaptive Non-dominated Sorting Genetic Algorithm II (NSGA-II) was employed to predict optimal inlet air
parameters—including temperature, velocity, and relative humidity—within defined thermal comfort con-
straints. The optimization results were validated experimentally using a test configured with input conditions
derived from adaptive NSGA-II predictions, and the resulting thermal comfort indices and energy usage were
measured. The prediction errors were minimal—0.8% for energy consumption, 1.2% for Predicted Mean Vote
(PMV) and 2.7% for Predicted Percentage of Dissatisfaction (PPD)—demonstrating the accuracy and robustness
of the approach. Experimental validation under optimized inlet conditions confirmed the model's reliability, with
minimal prediction errors of 0.8% in energy consumption, 1.2% in PMV, and 2.7% in PPD relative to measured
values. This work confirms the viability of using ML-based multi-objective optimization for clean, energy-
efficient, and comfort-focused HVAC control in smart building environments.

1. Introduction

HVAC systems account for nearly 40% of global energy consumption
and contribute to 36% of greenhouse gas emissions. Efficient energy
utilization in HVAC systems and maintaining thermal comfort within a
space are key factors to consider [1]. Conventional air conditioning (AC)
systems often encounter issues such as excessive energy consumption,
inconsistent temperature control, frequent maintenance, and inade-
quate air quality management. These challenges are addressed by air
handling units (AHUs), which feature advanced control systems for
managing air quality, temperature, and humidity. AHUs are integrated
with building management systems to provide more efficient and
effective climate control.

It typically includes components such as a dehumidifier, a
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humidifier, a damper, filters, and a blower. Conventional AHU units
were not designed to handle varying climatic conditions and often
operated at a constant energy consumption [2]. Adaptive AHU units,
however, are crucial for maintaining optimal conditions by adjusting to
changing thermal load requirements [3]. One way to reduce energy
consumption and enhance occupant satisfaction in air-conditioned
spaces is by employing an optimization tool. The optimization method
aims to address inefficiencies in the automated operation of AHUs by
incorporating real-world data and predictive models [4,5]. Optimization
methods offer several benefits, including extending equipment lifespan
by reducing wear and tear, providing cost savings for building operators,
maintaining comfortable indoor conditions, and minimizing energy loss
[6]. This study aimed to develop an optimization model to identify the
ideal thermal comfort parameters, such as Predicted Mean Vote (PMV)
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and Predicted Percentage of Dissatisfaction (PPD), for different climatic
conditions. Energy saving was a key performance indicator, and the
work also emphasized achieving optimal power consumption to maxi-
mize overall performance.

Some alternative cooling methods are used to maintain thermal
comfort in the room. Stasi et al. [7] examined the effectiveness of natural
ventilation using computational fluid dynamics (CFD) analysis, focusing
on how cross-ventilation could enhance cooling efficiency. Their study
revealed that cross ventilation was particularly adequate on the hottest
days. Ferdyn-Grygierek et al. [8] explored passive and energy-efficient
methods for maintaining optimal operating conditions in Polish
homes. Their research focused on an automatically controlled air cir-
culation system, which effectively ensured proper ventilation and
thermal comfort within the space. Suranjan Salins et al. [9] utilized a
reciprocating evaporative cooling test rig to address cooling loads under
varying climatic conditions. This unit proved effective in hot and arid
climates, achieving an air temperature drop of 8.2 °C.

Many researchers have investigated the optimization of performance
parameters in their studies, and this work seeks to align with and build
upon their techniques in the current context. Kumar et al. [10] used Air
Handling Units (AHUs) to regulate temperature, humidity, and airflow
within a data center. The challenge addressed was optimizing airflow
and AHU fan design for effective cooling. The proposed machine
learning technique successfully predicted the optimal fan speed,
ensuring efficient cooling and maintaining the data center's tempera-
ture. Wani et al. [11] introduced a resilient control strategy that lever-
ages meta-heuristic algorithms to enhance both energy efficiency and
indoor thermal comfort. The proposed framework was evaluated using
weather data from Auckland, New Zealand. The results showed that the
optimization model effectively reduced annual energy consumption by
49.13%. Lin et al. [12] employed three primary techniques to regulate
conditions within a specified space. The first technique involved an al-
gorithm for the Fan Coil Unit (FCU) to adjust the temperature based on
varying climatic conditions. The second technique focused on calcu-
lating the work required by the refrigeration unit to maintain thermal
comfort. The third technique used a genetic algorithm to reduce HVAC
system energy consumption. The results showed that the system ach-
ieved a 39.71% reduction in energy usage. Similar work by Lee et al.
[13] used a deterministic policy gradient algorithm to control cooling
coils and auto-tune PID controllers in a simulator. Machine Learning
techniques were employed to maintain thermal comfort. The study
found a daily average energy savings of 13.71%. Razban et al. [14]
employed algorithms to model the energy consumption of heating and
cooling coils, fans, and other components. They developed two control
systems based on occupancy and carbon dioxide (CO3) data. An on/off
fuzzy logic controller, implemented in MATLAB/Simulink, was used to
reduce energy consumption and improve system performance. The re-
sults demonstrated that the fuzzy logic controller achieved a 62%
reduction in fan energy consumption every week, while maintaining
occupant thermal comfort. Shang et al. [15] utilized a multivariable
nonlinear dynamic model to optimize temperature, humidity, and car-
bon dioxide concentration within a room. The results showed that this
model operated effectively with minimal uncertainties. Hosamo et al.
[16] developed a Digital Twin framework integrated with a plugin to
gather sensor data on thermal comfort for the Norwegian region and
applied optimization processes using MATLAB. The overall HVAC sys-
tem energy consumption was modeled using an artificial neural network
(ANN) within a Simulink model and a multi-objective genetic algorithm
(MOGA). The results indicated an energy savings of 13.2% during the
summer season. Casillas et al. [17] investigated a fault-detection model
for Air Handling Units (AHUs), focusing on duct models. The simulations
incorporated sensors and mechanical components to replicate real-life
scenarios closely. The simulation and fault modeling techniques
proved effective in predicting operations and evaluating control
robustness and fault tolerance. Zheng et al. [18] employed an automatic
AHU technique to test the system under three different climatic
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conditions, achieving a maximum energy savings of 55.2%. Ambroziak
and Chojecki [19] integrated a nonlinear autoregressive model with
moving-average and exogenous inputs with a fuzzy self-tuning swarm
optimization algorithm. This model effectively optimized both old and
new AHUs, improving their reliability and efficiency. Li et al. [20]
investigated variable-air-volume (VAV) regulation in AHUs, focusing on
the supply fan and other components. They identified fuzzy PI regula-
tion as a crucial parameter, resulting in a 2.7% reduction in energy
consumption for the air supply fan. Yao and Huang [21] used a
multi-objective optimization method to manage the thermal conditions
in a data centre. They optimized rack intake temperature and energy
consumption using the Non-Dominated Sorting Genetic Algorithm II
(NSGA-II). Their study concluded that the desired thermal conditions
were effectively maintained within the data centre. Similar work was
carried out by Talib et al. [22], in which the data centre was considered,
resulting in energy savings of 9.04%. The impact of indoor humidity on
cooling requirements was assessed by Kostyak et al. [23] by using an
optimization tool. The study concluded that the AHU effectively
managed humidity control.Bareschino et al. [24] employed the Hoo-
ke-Jeeves algorithm to optimize the cooling coil. They introduced an
auto-tuned PID control system enhanced with machine learning to
maintain a steady thermal environment at (23.5 £+ 0.5 °C) with 97%
accuracy during occupied periods. Their approach resulted in a 13.71%
reduction in cooling energy consumption. Gao et al. [25] used a rein-
forcement learning (RL) algorithm to optimize thermal parameters,
achieving an 88.4% improvement in thermal comfort. Samadi and
Shahbakhti [26] introduced a nonlinear predictive control (NMPC) tool
to evaluate both energy requirements and indoor infection risks related
to COVID-19. The study focused on a classroom equipped with sensors to
measure temperature, relative humidity, and carbon dioxide levels. The
results demonstrated that the model could predict temperature and
carbon dioxide concentration with minimal errors of 0.8% and 2.4%,
respectively. Kim et al. [27] developed an Artificial Neural Network
(ANN) predictive model for use in building air conditioning systems to
forecast energy consumption. After validating the forecasting models,
the AHU prediction model demonstrated a mean bias error of 5% during
training and 4.5% during testing. The results showed that the ANN
effectively predicted energy consumption and significantly reduced it.

Recent advancements in multi-objective optimization have demon-
strated that traditional NSGA-II, while widely used, often suffers from
premature convergence and limited diversity control when addressing
highly nonlinear HVAC optimization problems. Contemporary studies
show a clear shift toward adaptive and self-tuning evolutionary algo-
rithms that dynamically adjust crossover, mutation, and selection pa-
rameters to improve search efficiency. Hao et al. [28] introduced an
improved NSGA-II featuring adaptive weighting and Lévy-based search
operators, achieving significantly better convergence and avoidance of
local optima compared to the classical algorithm. Similarly, Zhao [29]
proposed an adaptive strategy-enhanced NSGA-II that demonstrated
stronger performance on benchmark ZDT/DTLZ functions, validating
the importance of dynamic operator control for maintaining population
diversity and improving Pareto-front quality. A comprehensive survey
by Ma et al. [30] further highlights that algorithmic self-adaptation is
now considered a core requirement for solving high-complexity engi-
neering problems, particularly where objective landscapes exhibit
strong nonlinearity and interactions.

In the HVAC domain specifically, recent optimization frameworks
increasingly incorporate adaptive GA, metaheuristics, and multi-
objective reinforcement learning (RL). Soleimani and Sa'adati [31] re-
ported that NSGA-II remains one of the most stable algorithms for HVAC
comfort-energy trade-off optimization, outperforming GA and PSO
variants in Pareto stability for smart buildings. Likewise, Digital
Twin-integrated adaptive GA approaches have shown superior perfor-
mance, achieving 3-5% improvements over NSGA-II and MOPSO by
dynamically tuning search operators based on surrogate-model feedback
[32]. These recent findings collectively reinforce that self-adaptive
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NSGA-II offers clear advantages over static evolutionary strategies,
particularly for HVAC optimization tasks with competing objectives
(thermal comfort vs. energy use), highly coupled variables, and diverse
operating conditions.

Building on these developments, the present study introduces a novel
integration of hyperparameter-optimized machine learning models with
a self-adaptive NSGA-II framework that automatically tunes evolu-
tionary parameters to enhance optimization robustness. Unlike prior
ML-GA-based HVAC optimization studies, our method combines (i)
Optuna-driven tuning of Random Forest, XGBoost, and ANN models, (ii)
a fully self-adaptive evolutionary optimization strategy, and (iii)
experimental validation on a custom-built AHU test rig using inlet
conditions predicted by the algorithm. In addition, the optimization is
validated experimentally on a fully constructed AHU test rig using inlet
conditions generated by the algorithm—an aspect rarely demonstrated
in prior ML-based optimization research. This combination of self-
adaptation, experimental validation, and multi-objective ML-driven
optimization constitutes the core novelty of this work.

An extensive literature review indicates that researchers have
explored a range of cooling techniques, including both active and pas-
sive evaporative cooling methods. Additionally, some studies have
focused on reducing indoor heat through effective ventilation strategies.
Optimization techniques have been employed to predict indoor condi-
tions and parameters related to air-handling units, using a variety of
methods. These include genetic algorithms, deterministic policy
gradient algorithms, fuzzy logic, multivariable nonlinear dynamic
models, Digital Twin frameworks, artificial neural networks (ANNSs),
non-linear autoregressive models, Hooke-Jeeves algorithms, and rein-
forcement learning (RL) algorithms. These methods have been applied
to predict cooling effects, thermal comfort, fan speed regulation, energy
requirements, carbon dioxide levels, and unit faults. Such research has
predominantly focused on data centers, building environments, and
industrial workspaces.

1.1. Research gaps and objectives

Despite the extensive research on predictive modeling for air
handling units (AHUs), there is a notable gap in the literature con-
cerning the optimization of various input conditions, such as inlet
relative humidity, temperature, and air velocity, to maintain thermal
comfort within the ideal and acceptable limits of PMV and PPD. While
these parameters significantly influence the system's energy consump-
tion, optimizing them to achieve thermal comfort within the intended
space has not been adequately explored.

Machine Learning (ML) offers significant advantages for modeling
the complex interactions among input variables, such as air velocity,
inlet temperature, and humidity, and output parameters, such as energy
consumption and thermal comfort indices (PMV and PPD). Unlike
classical models, ML algorithms can effectively capture the nonlinear
relationships inherent in AHU systems, allowing for more accurate
predictions and control decisions. The lack of studies on the optimized
ranges of these input conditions underscores a critical need for further
research, as ML-based prediction and optimization are crucial to
enhancing energy efficiency and ensuring occupant comfort.

To address the identified gap, a sustainable energy-based air
handling unit (AHU) has been developed, incorporating a vapor-
compression dehumidifier. The air is cooled below its dew point to
induce condensation, effectively managing humidity levels. This dehu-
midified air is then connected to a humidifier, allowing precise regula-
tion of both relative humidity and temperature before it enters the room.
The study investigates air velocity in the range of 1.5-6 m/s, ambient air
temperature in the range of 25-45 °C, and inlet relative humidity in the
range of 50-90%. These ranges were selected to represent typical indoor
and near-extreme operating conditions relevant to thermal comfort and
dehumidification applications. To optimize AHU performance, oper-
ating parameters have been fine-tuned using machine learning
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approaches. In this study, OPTUNA was employed to fine-tune three
machine learning models: Random Forest Regressor, XGBoost Regressor,
and Artificial Neural Network (ANN), each with distinct hyperparameter
search spaces NSGA-II is used to optimize the input parameters related
to AV, inlet temperature, and RH to have optimum PMV and PPD values
while minimizing the energy demand.

2. Methodology

This study aims to achieve optimal thermal comfort in air-
conditioned spaces while minimizing energy consumption. Air, condi-
tioned by varying climatic factors, passes through both dehumidifiers
and humidifiers before being circulated within the room at a controlled
velocity, managed by a damper. Data on Predicted Mean Vote (PMV),
Predicted Percentage of Dissatisfied (PPD), and energy consumption are
collected for different inlet temperatures, relative humidity (RH) levels,
and air velocities. This data is then optimized to determine the ideal
conditions for maximizing experimental results. Methodology is shown
in Fig. 1.

Optimizing air handling unit parameters involves adjusting various
settings to enhance system efficiency and performance. The primary
goal of this optimization is to create optimal indoor conditions for oc-
cupants by fine-tuning airflow rate, temperature, fan speed, and hu-
midity. Additionally, the process aims to reduce overall power
consumption. Predicted Mean Vote (PMV) is an index used to assess
thermal comfort and to evaluate occupants' thermal sensation in a given
environment. It takes into account factors such as temperature, hu-
midity, clothing, and metabolic rate. The PMV scale ranges from —3
(cold) to +3 (hot), with 0 indicating neutral thermal comfort. A PMV
value between —0.7 and + 0.7 is generally considered to be a reasonable
and satisfactory range.

PMV = (0.303¢*"™ +0.028)*[(M — W) — H — E, — Cres — Eyes] 1)

Where M being the metabolic rate, W/m?, H is the sensitive heat loses, W
- effective mechanical power, W/m>W/m?, E, is the heat exchanged by
the evaporation on the skin, W/m?, C,; is the heat exchange by con-
vezction, W/m?, Ey is the evaporation rate exchange in breathing, W/
m*-,

Sensitive heat loss (H) is given by equation (2).

H=3.96x10" fy; [(ta +273)" — (t; +273)"] — fu he (ta — ta) @

Where, f is factor for clothing surface, t is the clothing surface tem-
perature, t; is the mean radiant temperature, t, is the ambient temper-
ature. Equations (3)-(5) gives the heat exchanged through evaporation
of skin, convection and breathing, h,. is the heat transfer coefficient and
P, is the vapor partial pressure.
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Fig. 1. Optimization of Air handling unit parameters.
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PPD is a thermal comfort parameter that complements the PMV.
Expressed as a percentage, PPD indicates the proportion of occupants
likely to experience discomfort, with higher values reflecting greater
levels of dissatisfaction. A PPD value less than 22.5 is generally accepted
as the most reasonable and optimal range for satisfactory performance.
It is shown using equation (6).

PPD =100 — 95e—(0.03353*"PMV"+0.2179*PMV2) ©)

E is the total energy consumed by the combination of blower,
compressor and humidifier. It is given by equation (7).

E= EBluwer + ECompressor + EHumidiﬁer (7)

3. Construction and working of the AHU unit

Construction: The automatic AHU unit controls the flow of condi-
tioned air within a specified space for HVAC applications. It manages the
intake of fresh air and adjusts thermal parameters—such as temperature,
humidity, and air velocity—based on signals received from the room.
The AHU system includes a variable control damper (VCR) that regu-
lates air flow and is powered by a DC 12V 100 rpm gear motor. The
blower, which provides the air, operates at 370W, 200V, and speeds
between 3000 and 3600 rpm. An ultrasonic humidifier introduces
humid air and has a power rating of 38W and 22V. The dehumidification
coils circulate cold water, with a half-ton VCR unit cooling the water at
220 to 240V. The return air exhaust fan operates at 230V and has a
volume flow rate of 3.5 m®/min. The adiabatic cooling space measures
1x1x1 m®, and the AHU stand is constructed from '4” PVC tubing. Fig. 2
illustrates the top-view schematic of the air handling unit.

Five sensors are positioned within the room, transmitting data to the
Arduino, which then controls the AHU components. In the AHU system,
Arduino acts as the central controller, gathering data from various
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sensors. It uses predefined algorithms to analyze this data and make
decisions based on the room's requirements. The temperature and hu-
midity sensors (DHT11) measure moisture levels and temperature,
adjusting the variable control dampers and humidifier accordingly. The
dust sensor (GP2Y1010AUOF) manages the intake of fresh air and re-
duces pollution. The CO and CO2 sensor (MQ135) monitors air quality
and controls the exhaust fan. The presence sensor (GY-906
MLX90614ESF) detects heat-emitting objects and controls the variable
control dampers, while the motion sensor (HC-SR501) detects move-
ment and adjusts the supply VCD accordingly.

Working: The air-conditioned space is equipped with sensors linked
to an Arduino system that controls the blower, damper, humidifier, and
dehumidifier. The air quality entering the room depends on the room's
thermal settings. The blower draws in outside air, which then interacts
with cold coils in the air handling unit to dehumidify it, powered by the
VCR cycle. After dehumidification, the air passes through an ultrasonic
humidifier that adjusts humidity to the room's requirements. The motor-
controlled damper regulates the air flow rate, and the air is filtered to
remove dust particles before it enters the room. Fig. 3 shows the
sectional model of the AHU unit.

3.1. Instruments used and experimental conditions

Various instruments are used to measure input and output parame-
ters. A Digital Thermometer measures temperatures from —20 to 100 °C
with an accuracy of +0.1 °C, a resolution of 0.1 °C, and features a
stainless-steel probe. Digital Hygrometer measures relative humidity in
the air-conditioned space with a range of 0 to 99%, an accuracy of +1%,
a power supply of 1.5V, and a resolution of 0.1%.Anemometer measures
air velocity with a range of 0-30 m/s, an accuracy of +0.5 m/s, a reso-
lution of 0.1 m/s, and a threshold sensitivity of 1 m/s. A clamp meter
measures instantaneous voltage and current, with a range of 400 A for
AC current, 600 V for both AC and DC voltage, and 40 MQ for resistance.
Table 1 provides details on the experimental conditions and perfor-
mance parameters associated with the AHU.

A
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Dehumidifier
[ ) Blower
E |l FiITer b
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2 humidifier
©
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—
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Fig. 2. Schematic sketch of an AHU unit.
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Fig. 3. Sectional model view of the AHU unit.

Table 1
Experimental conditions.

Varying conditions

Measuring points

Performance terms

Air velocity: 1.5, 3,

Humidity, temperature

Performance predicted

4.5 and 6 m/s and air velocity with its mean vote, predicted
Values of respective power percentage of
temperature: 25, consumption values. dissatisfaction, and energy
30, 35, 40 and consumption.

45°C

Inlet RH = 50, 60,
70, 80 and 90%
Sensible heat
source inside the
room: 200 W.

4. Results and discussion

To examine the impact of various parameters on the AHU perfor-
mance, experiments were conducted using the conditions as mentioned
in Table 1 on the AHU test facility. To ensure the reliability and
repeatability of the experimental data, three independent trials were
conducted for each combination of operating conditions. For each
experimental condition, the three measured values for each parameter
were averaged, and the resulting mean values were used for further
analysis. These averaged data were then employed to evaluate the
performance parameters, namely Predicted Mean Vote (PMV), Predicted
Percentage of Dissatisfied (PPD), and energy consumption. Conducting
multiple trials and averaging the results helped reduce random experi-
mental errors, improve data consistency, and enhance the overall sta-
tistical reliability of the reported results.

The influence of inlet air velocity and inlet relative humidity (RH) on
thermal comfort was examined using PMV and PPD as shown in Fig. 4.
The results demonstrate clear trends in both parameters as functions of
air velocity and RH. It was observed that PMV values decreased with
increasing air velocity across all RH levels. This trend suggests that
higher air velocity enhances convective and evaporative heat loss from
the human body, thereby increasing the sensation of coolness. As a
result, occupants tend to feel cooler at higher air velocities, as reflected
in the more negative PMV values. Similar trends are observed in the
literature Shakya et al. [33].

Moreover, at any constant air velocity, PMV was found to be lower

(more negative) with higher inlet RH which is similar to the research
findings of Dyvia and Arif [34]. While high RH generally impedes
evaporative cooling and is expected to make occupants feel warmer, the
observed decrease in PMV with RH may be attributed to the combined
cooling effect of airflow overpowering the moisture-induced discomfort.
Alternatively, this could indicate that the cooling impact of air velocity
becomes more pronounced under high humidity conditions due to
changes in convective heat transfer dynamics. The PPD index increased
gradually with increasing air velocity across all RH levels. This indicates
that although higher air velocities provide enhanced cooling, they may
also lead to overcooling or cause discomfort due to drafts, especially in
cooler environments. This is consistent with the PMV trend moving
further into the negative (cooler) range.

Additionally, an increase in RH led to higher PPD values across all air
velocities. Elevated RH levels reduce evaporative heat loss, leading to
greater thermal discomfort among occupants. The combined effect of
high RH and high air velocity likely contributes to a thermal environ-
ment that deviates further from the thermal neutrality preferred by most
individuals, thus increasing the dissatisfaction rate. A similar trend has
been reported in the literature by Ruivo et al. [35] and Madhwesh et al.
[36], which is in good agreement with the findings of the present study.

The combined influence of air velocity and RH indicates a trade-off
in achieving thermal comfort. While increased air velocity can miti-
gate thermal stress in warm environments, excessive air movement in
humid conditions may lead to discomfort rather than relief. High RH
consistently impairs thermal comfort, as evidenced by its negative
impact on both PMV and PPD. These findings highlight the need to
maintain optimal RH levels while carefully adjusting air velocity to
avoid overcooling and ensure occupant comfort.

As shown in Fig. 4, energy consumption increases consistently with
rising air velocity across all levels of RH. In addition, at any given air
velocity, higher RH leads to greater energy demand. The relationship
between these variables is not merely linear; it reveals a compounding
interaction where increases in both air velocity and RH intensify the
total energy consumption. As air velocity increases, the power required
to move air through ducts or ventilation systems also rises. Therefore,
even modest increases in velocity can result in disproportionately higher
energy usage. Additionally, as airflow increases, the system faces greater
frictional and dynamic resistance within the ducts and air passages,
further demanding higher mechanical effort and electrical input. Rela-
tive humidity plays a crucial role in influencing energy needs,
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particularly through its effect on thermal conditioning. Moist air con-
tains more latent heat, which requires additional energy to remove
during cooling and dehumidification processes. Higher RH also means
the HVAC system must perform more condensation and often operate
longer to achieve the desired indoor humidity levels, increasing the
energy demands. The nature of RH's influence becomes even more
pronounced at higher air velocities. The graph shows that energy con-
sumption at 90% RH is significantly higher than at 50% RH for the same
velocity, and this difference widens as air velocity increases. This in-
dicates a compounding effect: high RH amplifies the energy required to
condition air, and when combined with fast airflow, it escalates energy
consumption even further.

A comparison of the present study with the works of Michalak [37]
and Kim et al. [27] indicates that the power consumption of the pro-
posed system is substantially lower than the values reported in the
literature. The proposed unit achieves power savings of more than 50%
when compared with these studies, demonstrating markedly improved
energy performance. Consequently, the system exhibits superior energy
efficiency and can be considered a sustainable alternative to conven-
tional approaches.

Fig. 5 collectively illustrates the impact of air velocity and inlet
temperature on thermal comfort indices—PMV, PPD and energy

Energy 347 (2026) 140459

consumption. As observed, energy consumption consistently increases
with both rising inlet temperature and air velocity, indicating a direct
relationship where higher thermal loads and greater airflow demand
more energy input. The PMV values rise with increasing inlet temper-
ature, shifting from cooler to warmer sensations, and exhibit a variable
trend with air velocity. At lower inlet temperatures, increasing air ve-
locity reduces PMV and enhances thermal comfort. However, at higher
inlet temperatures, PMV rises with air velocity, likely due to reduced
cooling effectiveness. Similarly, PPD values increase with both air ve-
locity and inlet temperature, especially at the extremes, suggesting that
thermal dissatisfaction increases under hotter, faster airflow conditions.
This indicates a trade-off between maintaining comfort and conserving
energy, where optimizing inlet conditions is essential to balancing en-
ergy use with acceptable comfort levels. Optimization is essential in this
context to balance the competing objectives of energy efficiency and
thermal comfort. Without optimization, there is a risk of either excessive
energy usage with marginal comfort gains or insufficient cooling per-
formance leading to occupant dissatisfaction. An optimized operating
point would identify the ideal combination of inlet temperature and air
velocity that minimizes energy consumption while maintaining
acceptable PMV and PPD values, ensuring occupant comfort is not
sacrificed.
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4.1. Exploratory data analysis

Exploratory data analysis (EDA) plays a pivotal role in understanding
the relationships between input and output variables, identifying pat-
terns, and assessing the overall distribution of data prior to model
development. As part of this process, a feature correlation matrix and
distribution plots of the response variables were constructed to gain
insights into variable interactions and distributional characteristics.
These visualizations provide a foundational understanding of the data-
set, guiding subsequent modeling steps and helping to identify influ-
ential variables in optimizing thermal comfort and energy efficiency.

The correlation heatmap (Fig. 6) reveals strong positive correlations
between Temperature (T) and both PMV (Predicted Mean Vote) and
Energy Consumption (EC), with correlation coefficients of 0.95 and
0.93, respectively. This indicates that as indoor temperature increases,
thermal comfort perception (PMV) and energy demand also tend to rise.
Similarly, PMV shows a significant positive correlation with EC (R =
0.84), consistent with the expected increase in energy use to achieve
higher comfort levels. In contrast, Relative Humidity (RH) and Air Ve-
locity (AV) exhibit minimal correlation with other variables, suggesting
weaker direct effects on the output responses. The moderate positive
correlation between PMV and PPD (Predicted Percentage of Dissatisfied)
(R = 0.40) is also noteworthy, as it reflects their interdependence in
evaluating thermal comfort.

The histograms of the response variables Fig. 6 further enhance this
understanding. PPD shows a skewed distribution with a peak at lower
dissatisfaction values, indicating that most conditions yielded relatively
comfortable environments. In contrast, PMV is spread across both
negative and positive values, reflecting a mix of slightly cool to slightly
warm thermal sensations across the dataset. The energy consumption
histogram displays near-normal distribution with a slight right skew,
suggesting that while most data points lie around a central energy de-
mand, higher energy usage scenarios also occur with moderate
frequency.

4.2. Machine learning (ML) model

All machine learning modeling and optimization tasks in this study
were carried out using Google Colaboratory (Colab), a cloud-based Py-
thon development environment that provides free access to GPU/TPU-
accelerated computation. Colab enabled seamless integration of data
analysis, model development, and optimization in a single workflow,
without the need for local hardware resources. The following relevant
Python libraries were utilized:

e NumPy and Pandas for numerical operations and data manipulation.

o Scikit-learn for traditional machine learning models (Random For-
est) and Artificial Neural Network (ANN), data preprocessing, and
performance evaluation.

e XGBoost library for implementing Extreme Gradient Boosting
(XGBoost) regressor.

e Matplotlib and Seaborn for visualizations such as correlation heat-
maps and histograms.

e Optuna for automated hyperparameter optimization.

e Joblib for saving trained models for future inference.

The dataset consisted of 100 experimental samples, obtained from all
combinations of inlet temperature, relative humidity, and air velocity
specified in Table 1. For model development and validation, the dataset
was partitioned into training and testing subsets using an 80:20 split
ratio. A fixed random seed was applied to ensure reproducibility of the
results across all machine learning models. Cross-validation was not
employed because the dataset consisted of fixed experimental mea-
surements rather than stochastic samples; instead, robustness was
ensured through Optuna-based hyperparameter optimization and inde-
pendent evaluation on the test set.
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4.2.1. The OPTUNA framework

Hyperparameter tuning is a vital step in improving the performance
and generalization of ML models. Rather than relying on manual trial-
and-error or exhaustive grid search approaches, this study adopts
OPTUNA, an advanced, open-source, hyperparameter optimization
framework [38]. OPTUNA automates the search for optimal hyper-
parameters, leveraging efficient sampling strategies and pruning tech-
niques to accelerate the discovery of high-performing configurations.
OPTUNA allows dynamic search space definitions and leverages intel-
ligent exploration to minimize computational costs while maximizing
model performance. In this study, OPTUNA was employed to fine-tune
three ML models: RandomForest Regressor, XGBoost Regressor, and
Artificial Neural Network (ANN), each with distinct hyperparameter
search spaces.

The workflow for OPTUNA-based hyperparameter optimization is
illustrated in Fig. 7. The process begins with importing the thermal
comfort dataset, which is then split into training and test subsets to
facilitate model evaluation. Prior to optimization, Min-Max normaliza-
tion is applied to ensure that input features are scaled within a common
range, enhancing model convergence.

Subsequently, the OPTUNA optimization routine is invoked, which
iteratively evaluates different hyperparameter combinations using the
selected performance metric—in this case, the coefficient of determi-
nation (R? score). For each suggested trial, the corresponding machine
learning model is trained and evaluated. The hyperparameter set
yielding the highest R? score on the validation set is retained. Finally,
the best-performing model configuration is selected and retrained using
the full training data. This optimized model serves as the final model
used for subsequent prediction and optimization tasks in the study.

4.2.2. Random Forest Regression

Random Forest Regression is a powerful ensemble learning method
introduced by Breiman (2001) [39], designed to improve the predictive
performance of individual decision trees by reducing overfitting and
variance through the aggregation of multiple trees. This model is
particularly effective for regression problems involving complex,
nonlinear relationships and high-dimensional feature spaces.

The working principle of the Random Forest algorithm is illustrated
in Fig. 8, where multiple decision trees are trained independently on
bootstrap samples drawn from the original dataset. For a given input,
each tree provides an independent prediction, and the final regression

Thermal Comfort
Dataset

@ D
OPTUNA

Hyperparameter
Tuning

Split Dataset

Min-Max
Normalization

—5

OPTUNA
Optimization

P

ML Model XGBoost/
Training ANN

Refinement
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Fig. 7. Optimization of ML models using OPTUNA framework.
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Fig. 8. Working principle of Random Forest Regression.

output is obtained by averaging the predictions from all trees in the
ensemble.
Let the training dataset be represented as:

T={(x,y) . X ERy €R ®

where x; is the input vector of d features and y; is the corresponding
target value. The Random Forest model constructs B regression trees
{Ty}2_,, each trained on a bootstrap sample of the data. At each split in a
tree, a random subset of features is selected to determine the best split,
enhancing model diversity and reducing correlation between trees. The
prediction for a new input x is given by [40]

]. B
V=52 T® ©)

This ensemble averaging reduces the model variance while main-
taining low bias, resulting in robust generalization performance. In this
study, key hyperparameters of the Random Forest model—namely the
number of estimators (Mesimars) and the maximum depth of the trees
(max_depth)—were optimized using the Optuna framework. The search
ranges considered were: Nesimawors € [50, 200] and max_depth € [3,20].

4.2.3. Extreme Gradient Boosting (XGBoost) regression

Extreme Gradient Boosting (XGBoost) is a highly efficient and scal-
able implementation of gradient boosting proposed by Chen and
Guestrin (2016) [41]. It is designed to optimize both the computational
speed and model performance, making it a preferred choice in many
structured data problems. In XGBoost, a strong predictive model is built
sequentially by adding new decision trees that correct the errors made
by the ensemble of previous trees. Unlike Random Forests, where trees
are built independently and averaged, in boosting, trees are added
iteratively, with each new tree trained to predict the residuals (errors) of
the existing ensemble (refer Fig. 9).

The objective function minimized by XGBoost is given by

N N

L) =Y 1 3) + Y Qlfe) 10)
i=1 i=1

where L is a differentiable convex loss function, namely, squared error. y;

is the prediction for instance i, f; denotes an individual tree, Q(fk) isa
regularization term controlling model complexity given by [42]

Dataset

XGBoost
Regression

Summation and Final Prediction

Fig. 9. Working principle of XGBoost Regression.
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with T being the number of leaves and w; the score on each leaf. XGBoost
employs second-order Taylor approximation of the loss function, leading
to fast convergence and improved accuracy. Additionally, it includes
techniques such as shrinkage (learning rate), column subsampling, and
sparsity-aware split finding to further boost performance. In this study,
key hyperparameters of XGBoost—namely the number of estimators
(Mestimators), the maximum depth of each tree (max_depth), and the
learning rate (learning_rate)—were tuned using the Optuna framework
over the ranges: Negimators € [50, 200], max_depth € [3,20] and
learning_rate € [0.01,0.3].

4.2.4. Artificial neural network (ANN) regression

Artificial Neural Networks (ANNs) are a class of flexible function
approximators inspired by the architecture of biological neural systems.
They are particularly effective for capturing complex, nonlinear re-
lationships between inputs and outputs in regression tasks. A feedfor-
ward artificial neural network (ANN) is generally structured with an
input layer, multiple hidden layers, and an output layer. Within the
network, each neuron processes information by calculating a weighted
combination of inputs and applying a nonlinear activation function,
allowing it to capture and represent complex relationships in the data.
For an ANN with L layers, the output of layer [ is given by [43]
al=o(W"al ) + b)) a2
where a1 is the activation vector from the previous layer, W® and b’
are weight matrix and bias vector of layer [, and ¢ is the activation
function (e.g., ReLU, tanh) [44,45]. The network is trained to minimize a
loss function, usually mean-squared error, for regression using the Adam
optimizer.

In this work, a fully connected ANN architecture comprising two
hidden layers was used. Neuron numbers and the initial learning rate
were optimized using Optuna. Air velocity, inlet temperature and inlet
relative humidity were the parameters in the input layer and PMV, PPD
and EC were the parameters in the output layer. The search spaces were
number of neurons in the first hidden layer: 32 to 128, number of
neurons in the second hidden layer: 16 to 64, initial learning rate
(learning_rate_init): 0.001 to 0.1. The ANN model is shown in Fig. 10. The
hidden layers utilized the Rectified Linear Unit (ReLU) as their activa-
tion function, whereas the output layer implemented a linear activation
function, which is appropriate for predicting continuous regression
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outputs.

4.2.5. Performance evaluation of ML models

The scatter plot in Fig. 11(a) compares predicted versus actual values
for all outputs across the three models. The closeness of the points to the
45° line indicates strong predictive performance. The R? values, 0.99 for
Random Forest, 1.00 for XGBoost, and 0.99 for ANN reflect excellent
goodness of fit, with XGBoost achieving near-perfect prediction
accuracy.

The bar charts in Fig. 11(b) show the Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE) for each model. XGBoost demon-
strates the lowest MAE and RMSE, confirming its superior predictive
accuracy. Random Forest and ANN also achieve low errors but are
slightly outperformed by XGBoost in both metrics.

The error histograms (refer Fig. 11(c)) for Random Forest, XGBoost,
and ANN reveal that most prediction errors are centered around zero,
indicating unbiased predictions. XGBoost exhibits the narrowest error
spread, consistent with its lower MAE and RMSE, whereas Random
Forest and ANN show slightly wider distributions, corresponding to
their marginally higher error values. Overall, XGBoost emerges as the
best-performing model among the three, with Random Forest and ANN
providing competitive, yet slightly less accurate, results.

4.3. Multi-response optimization using NSGA-II algorithm

To address the multi-objective optimization problem of minimizing
energy consumption (EC) while satisfying thermal comfort constraints
on PMV and PPD, the Non-dominated Sorting Genetic Algorithm II
(NSGA-II) was employed. NSGA-II, introduced by Deb et al. (2002) [46],
is a widely adopted evolutionary optimization algorithm capable of
effectively handling problems involving conflicting objectives without
requiring any user-defined weight assignments.

A schematic representation of the adopted NSGA-II framework
tailored to the present study is illustrated in Fig. 12. The optimization
process commences by defining the input parameters — air inlet tem-
perature (T), inlet relative humidity (RH), and air velocity (AV), and
initializing a random population of candidate solutions. The corre-
sponding output parameters (PPD, PMV, and EC) are predicted using the
trained XGBoost surrogate model. To ensure uniformity in objective
scaling, EC values are normalized using min-max scaling

EC — ECpin

E = 1
Cnonn ECma_x _ Elen ( 3)

where ECpin and ECpmg, denote the minimum and maximum energy

Hidden Layers

Output

PPD (%)

PMV

Weights

matrix
Regression

Fig. 10. General architecture of ANN Regression.
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Fig. 11. (a) Correlation plot with R? scores, (b) comparison of MAE and RMSE, and (c) error distribution plot of the trained models.

consumption values predicted across the population, respectively.
Subsequently, hard constraints are applied: any solution with a PMV
value outside the thermal comfort band (— 0.7 < PMV < + 0.7) or PPD
greater than 25% is discarded. The feasible solutions undergo non-
dominated sorting based on Pareto dominance principles. A solution A
is said to dominate another solution B if: A is no worse that B in all
objectives, and A is strictly better than B in at least one objective, which

11

can be mathematically expressed as

A<B if Vi:fi(A) <fi(A) and 3Fj:fj(A) <fi(B) 14
where f; and f; represent the objective functions under consideration.
The non-dominated fronts thus obtained are used to rank individuals,
and a crowded-comparison operator ensures diversity by preferring in-
dividuals located in less crowded regions of the Pareto front. The
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Fig. 12. Flowchart illustrating the NSGA-II based multi-objective optimization framework employed in this study.

crowded distance (d;) for each solution is computed to quantify the
density of solutions surrounding it

M i+1 *f;l
d;= Im___Jm _ 15
2 (fn’f‘“ f) (15

where M is the number of objectives, and fif! and fi! denote the
neighboring solutions in the sorted list according to the m-th objective.

Selection of individuals for reproduction is carried out using binary
tournament selection based on rank and crowded distance. Genetic
operators — simulated binary crossover (SBX) and polynomial mutation
— are applied to generate offspring. The offspring population is then

12

evaluated by predicting outputs and reapplying hard constraints. The
combined parent and offspring populations undergo another round of
non-dominated sorting, and elitism is ensured by selecting the best in-
dividuals to form the next generation. The optimization process iterates
until a specified stopping criterion (e.g., maximum number of genera-
tions) is satisfied, after which the Pareto-optimal solutions are extracted.

Through the adoption of NSGA-II, the optimization process suc-
cessfully navigates the conflicting objectives of maintaining thermal
comfort and minimizing energy consumption without requiring sub-
jective trade-offs. This approach aims to ensure a well-distributed Pareto
front, offering decision-makers a spectrum of optimal solutions
depending on their preferred balance between energy efficiency and
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occupant comfort.

4.4. Self-adaptive NSGA-II algorithm

To enhance optimization performance, a self-adaptive version of
NSGA-II was developed in this study. As shown in Fig. 13, the approach
integrates hyperparameter optimization into the evolutionary process.
Before the standard NSGA-II steps commence, critical parameters such

Energy 347 (2026) 140459

as population size, crossover probability, and mutation probability are
tuned automatically using the Optuna library based on the NSGA-II
technique, ensuring that the algorithm is better tailored to the prob-
lem landscape.

After defining the input parameters, a random initial population is
generated, and the trained XGBoost model predicts the output responses
(PPD, PMV, and energy consumption). Energy consumption values are
normalized using a min-max approach to maintain balance across ob-

[ Define input parameters (T, RH, AV) ]

v

s

Tune NSGA-II
L hyperparameters (OPTUNA)
7

v

-

N

Initialize random population

~

v

-

( Predictoutputs (PPD,PMV, | (@ D
EC) using XGBoost ) X
v Self-Adaptive

[ Normalize EC (Min-Max) ]

NSGA-II

Apply hard constraints:
Discard if PMV ¢ [-0.7, +0.7] or
PPD > 25%

v

[ Non-dominated sorting ]

Stopping
criteria?

\ 4

Extract Pareto
Optimal Front

]

[ Tournament selection ]

v

{ Genetic operator (crossover and mutation) ]

.

Predict and Normalize EC again (For New
Candidates)

v

[ Apply hard constraints to offspring ]

A4

[ Non-Dominated Sorting ]

—{ Select top N individuals (elitism) for next generation J

Fig. 13. Flowchart illustrating the self-adaptive NSGA-II technique employed in this study.
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jectives. Hard constraints are enforced by discarding candidates with
PMV values outside the acceptable range [—0.7,+0.7] and PPD
exceeding 25%. These thresholds represent the acceptable bounds for
maintaining optimal indoor thermal comfort.

The evolutionary process follows the standard NSGA-II structure:
non-dominated sorting, tournament selection, crossover, mutation, and
elitism. However, by starting with tuned hyperparameters, the search
process achieves better convergence and maintains higher diversity
across generations. The final output is a refined Pareto-optimal front
balancing thermal comfort and energy efficiency. This self-adaptive
strategy eliminates manual hyperparameter selection and improves
the robustness of the optimization, making it highly suited for complex
multi-objective problems.

To comprehensively assess the effectiveness of the proposed self-
adaptive NSGA-II framework, a comparison was performed with a
manually tuned NSGA-II approach. In the manual tuning, multiple
combinations of hyperparameters were explored by varying the popu-
lation size (100, 200), crossover probability (0.1, 0.5, 0.9), and mutation
probability (0.1, 0.5, 0.9). For each combination, the optimization
process was carried out, and the resulting Pareto fronts were analyzed.
The optimal solutions from each case were identified based on two
criteria: (i) the solution corresponding to the minimal energy con-
sumption (EC) while satisfying the imposed thermal comfort constraints,
and (ii) the solution nearest to the ideal point in the objective space,
determined using the Euclidean distance method. Subsequently, the
performance of the manual approach was compared with that of the self-
adaptive NSGA-II, highlighting the superior robustness and efficiency of
the latter in converging to high-quality solutions.

To objectively identify the optimal solution from the set of Pareto-
optimal candidates, the Euclidean distance (E;) metric was utilized.
This metric measures the geometric distance of a candidate solution
from an ideal reference point in the multi-objective space. The Euclidean
distance is calculated as

. (PPD - PPD,-deal> 2 N (PMV - PMVM) 2 N <EC - ECided) 2
¢ PPD gy PMViinge ECrange

where PPD;geq; PMVigeq;, and ECigeq represent the ideal values of the
respective objective (here PPD;j.qy = 0%, PMVigeq = 0, and ECigeq =
minimum value from the experiments). The denominators PPDygng,
PMV,qnge, and ECrqnge represent the normalization factors based on the
observed ranges of the respective objectives to ensure scale invariance.
A lower E; value indicates a solution that is closer to the ideal condi-
tions, thus providing a systematic and quantitative criterion for selecting
the most balanced trade-off solution among multiple objectives.

The optimization results obtained using both the manual and self-
adaptive variants of the NSGA-II algorithm are summarized in Table 2.
In the manual approach, optimization was performed by specifying fixed

(16)
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hyperparameter combinations, namely population sizes of 100 and 200,
crossover probabilities of 0.1, 0.5, and 0.9, and mutation probabilities of
0.1, 0.5, and 0.9. Each combination generated a different set of Pareto-
optimal solutions, subsequently evaluated based on thermal comfort
metrics, PPD, PMV, and EC.

It was observed that several manually tuned settings, such as (Pop-
ulation size = 100, Crossover = 0.1, Mutation = 0.1) and (Population
size = 200, Crossover = 0.9, Mutation = 0.1), resulted in excellent
thermal comfort (PPD~3.80-4.20%) while maintaining reasonable en-
ergy consumption (~1160-1184 W). However, despite these promising
outcomes, significant variations were seen across different parameter
combinations, indicating the strong dependence of the manual approach
on specific hyperparameter choices. Furthermore, no single manually
defined setting consistently minimized both energy consumption and
thermal discomfort simultaneously.

In contrast, the self-adaptive NSGA-II approach demonstrated supe-
rior performance by dynamically adjusting the crossover and mutation
probabilities during the optimization process. The optimal solution
identified through the self-adaptive method exhibited a PPD of 22.29%,
a PMV of —0.50, and a significantly lower energy consumption of
1104.99 W compared to most manually optimized results. A comparison
of the present study with earlier works reported in the literature, such as
Michalak [48] and Kim et al. [49], indicates that the power consumption
of the proposed system is considerably lower than that of conventional
systems. The observed reduction corresponds to substantial energy
savings, reflecting a clear improvement in overall energy performance
and highlighting the efficiency advantage of the proposed approach.
More importantly, this solution achieved the minimum Euclidean dis-
tance (E;) value among all candidates, reflecting the best trade-off be-
tween thermal comfort and energy efficiency. Thus, the self-adaptive
approach not only reduced the manual effort involved in hyper-
parameter selection but also consistently converged towards better
quality solutions. These findings affirm that incorporating self-adaptive
mechanisms within evolutionary algorithms can greatly enhance the
robustness and effectiveness of optimization in complex multi-objective
problems, particularly when compared to fixed manual parameter
tuning.

4.5. Validation of the optimized results

Experiments were conducted on a test rig using input air conditions
predicted by the self-adaptive NSGA-II optimization method. The
resulting output parameters—PMV, PPD, and energy
sumption—were measured and are presented in Fig. 14. The comparison
between the optimized and experimental results highlights the effec-
tiveness of the machine learning-based optimization approach in
achieving thermal comfort while reducing energy consumption. The
optimized PMV of —0.5 and PPD of 22.3% fall within the acceptable
comfort thresholds (PMV € [-0.7, +0.7], PPD <25%) and closely match

con-

Table 2
Comparison of optimal solutions derived from manual hyperparameter tuning and self-adaptive NSGA-II based on thermal comfort metrics and operating conditions.
Approach NSGA-II Hyperparameters Thermal Comfort Metrics Operating Parameters Eq
Pop. size Crossover prob. Mutation prob. PPD (%) PMV EC (W) T (°C) RH (%) AV (m/s)
Random 100 0.10 0.10 3.78 —0.21 1163.00 37.49 67.86 1.53 58.13
100 0.50 0.50 23.51 -0.59 1108.99 32.39 62.43 2.44 23.85
100 0.90 0.90 24.59 —0.69 1131.02 30.59 67.81 3.30 35.81
100 0.10 0.90 3.81 —0.20 1183.99 35.36 52.16 4.29 79.09
100 0.90 0.10 4.22 -0.30 1170.98 39.68 70.84 2.94 66.12
200 0.10 0.10 11.18 0.49 1220.99 44.57 75.98 2.49 116.5
200 0.50 0.50 23.10 —0.60 1126.99 30.98 57.99 4.02 31.91
200 0.90 0.90 23.10 —0.60 1126.99 32.80 54.92 4.18 31.91
200 0.10 0.90 4.67 -0.39 1193.02 38.28 79.22 3.99 88.15
200 0.90 0.10 3.81 —0.20 1184.02 38.92 57.55 3.58 79.12
Self-Adaptive 150 0.70 0.46 22.29 —0.50 1104.99 30.94 50.44 2.67 22.29

* Pop. size: population size, Crossover prob.: crossover probability, Mutation prob.: mutation probability.

14
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the experimental outcomes (PMV = —0.54, PPD = 21.7%). The relative
errors between the experimental and predicted values are minimal:
0.8% for energy consumption, 1.2% for PMV, and 2.7% for PPD. These
results confirm the reliability and accuracy of the self-adaptive NSGA-II
method as a robust tool for optimizing energy-efficient HVAC operations
while maintaining thermal comfort.

5. Conclusions

An AHU test rig has been fabricated to investigate the combined
effects of air velocity, inlet temperature, and inlet relative humidity on
thermal comfort indices—specifically PMV (Predicted Mean Vote) and
PPD (Predicted Percentage of Dissatisfied)—as well as on energy con-
sumption. It was observed that PMV decreased with increasing air ve-
locity, regardless of relative humidity (RH). At any given air velocity,
higher inlet RH led to lower PMV values. The PPD index, however,
gradually increased with rising air velocity across all RH levels. Simi-
larly, an increase in RH resulted in higher PPD values across all air ve-
locities. Energy consumption was found to increase consistently with
both higher inlet temperature and air velocity, indicating a direct rela-
tionship in which greater thermal loads and higher airflow rates demand
greater energy input.

This study demonstrated the effectiveness of a machine-learning-
integrated optimization framework for improving the performance of
Air Handling Units (AHUs) in both thermal comfort and energy effi-
ciency. Using a self-adaptive NSGA-II algorithm in conjunction with an
ML model, Extreme Gradient Boosting (XGBoost), optimal inlet air
conditions—temperature, velocity, and humidity—were predicted and
optimized under strict comfort constraints.

Experimental validation was carried out using a specially designed
test rig configured with the optimized input parameters. The observed
output values—PMV of —0.54, PPD of 21.7%, and energy consumption
of 1114 W—closely matched the predicted optimized values of PMV
-0.5, PPD 22.3%, and energy consumption 1105 W. The relative
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prediction errors were low: 0.8% for energy consumption, 1.2% for
PMV, and 2.7% for PPD, confirming the high accuracy and reliability of
the ML-based model.

Overall, the findings validate that the proposed method can effec-
tively maintain desired thermal comfort conditions while achieving a
measurable reduction in energy consumption. The self-adaptive NSGA-II
framework, combined with predictive machine learning models, pro-
vides a robust, scalable solution for smart, energy-efficient HVAC con-
trol systems. This approach directly supports Sustainable Development
Goals such as SDG 7 (Affordable and Clean Energy) by enhancing energy
efficiency, and SDG 13 (Climate Action) by contributing to the reduction
of greenhouse gas emissions through optimized energy use.

6. Limitations and scope for future work

Although the proposed self-adaptive NSGA-II optimization frame-
work demonstrates strong predictive accuracy and effective perfor-
mance enhancement for the laboratory-scale AHU setup, several
limitations remain that suggest avenues for continued advancement.
First, the current model has been validated only on a controlled test rig,
which does not fully capture the complexities of full-scale building
HVAC systems involving multi-zone thermal interactions, varying oc-
cupancy levels, duct losses, and external environmental influences. As a
result, the direct scalability of the model to entire buildings remains
uncertain and requires additional system-level studies. The present
study focuses on steady-state inlet air conditions; however, real-world
buildings experience rapid fluctuations in temperature, humidity, and
occupancy, necessitating the development of models capable of
handling dynamic, time-varying conditions. Sensor integration is
another area with inherent constraints, as the current setup utilizes a
fixed and limited array of sensors, while real deployment scenarios
would require additional inputs such as COy concentration, volatile
organic compounds and indoor air quality indices, and occupant density
for more comprehensive optimization.
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Future work should therefore focus on developing real-time control
integration, where the trained machine learning models and the self-
adaptive NSGA-II algorithm can be embedded within control systems
or microcontroller platforms to optimize AHU performance under
continuously changing conditions. Incorporating Internet of Things
(IoT) connectivity represents another promising direction, enabling
cloud-based optimization, remote monitoring, and data-driven adaptive
control strategies that can respond to multi-zone feedback. Furthermore,
expanding the thermal comfort modeling framework to incorporate
additional metrics such as adaptive comfort models, draft sensitivity,
vertical temperature gradients, or comprehensive indoor air quality
indices would support a more holistic optimization strategy that bal-
ances energy efficiency with occupants’ well-being.

Nomenclature:
Variables/Parameters:
Ma Air flow rate, kg/s
me Condensation rate or moisture removal rate, g/s
tg Clothing surface temperature
tr Mean radiant temperature,
ty Ambient temperature
Ny Humidification efficiency, %
Cres Convection heat transfer rate, W/m?
E. Heat released by the evaporation of the moisture from skin,
W/m?
Eglower Energy consumed by blower, W
Ecompressor Energy consumed by compressor, W
Epumidifier Energy consumed by humidifier, W
E Total energy consumed, W
Eres Heat released due to breathing, W/m?.
M Rate of metabolism, W/m?
H Sensitive heat loses
w Total Work done, W
w Mechanical power, W/m?
Ah Change in specific enthalpy, kJ/kg

he Heat transfer coefficient

P, Vapor partial pressure
Abbreviations:

ANN Artificial neural network

ACS Air-conditioned space

AHU Air handling unit

BMS Building Management System
CFD Computational fluid dynamics
DAT Discharge air temperature

DBT Dry bulb temperature

FAC Fresh air control

HVAC Heating, ventilation and airconditioning
MOGA Multi-objective genetic algorithm
NSGA-II Non-Dominated Sorting Genetic Algorithm II
NMPC Nonlinear predictive control

OA Outdoor Air

PMV Predicted mean vote

PPD Predicted percentage dissatisfaction
PID Proportional-integral-derivative
RH Relative humidity

RL Reinforcement learning

VCD Volume Control Damper

VCR Vapor compression refrigeration
WBT Wet Bulb Temperature
Subscripts:

a Air

H Humidification

cl Clothing

c Condensation

r radiant

res Heat exchange rate

Chemicals:

co Carbon Monoxide

CO, Carbon dioxide

Sensors:

DHT11 Temperature and Humidity sensor
GP2Y1010AUOF Dust sensor

MQ135 CO and CO2 sensor

(continued on next column)
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(continued)
GY-906 Presence sensor
MLX90614ESF
HC-SR501 Motion sensor
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