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Abstract
Optimizing passenger thermal comfort while maintaining energy efficiency remains a critical challenge in automotive 
climate control. This study investigates the complex thermal interaction between a passenger and a car seat, introducing a 
novel technique for direct thermal management through the vehicle’s heating, ventilation, and air-conditioning system. An 
experimental setup was developed using evaporator coils integrated beneath seat surfaces, addressing a significant gap in 
the literature regarding two-way (heating and cooling) seat thermal management. Artificial Neural Networks were employed 
to model the ambiguous system parameters and to predict thermal performance. The results show an excellent predictive 
accuracy with Mean Squared Error of 1.29E-02 and correlation coefficient of 0.99659. The average deviations were under 
−0.21% for cooling capacity, −0.02% for heating capacity and 0.38% for coefficient of performance. These results show that 
the integration of intelligent algorithms into modified heating, ventilation, and air conditioning architectures significantly 
improves occupant comfort and system efficiency, thereby providing a powerful data-driven framework for next-generation 
automotive climate control solutions.
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List of symbols
AI	� Artificial intelligence
ANN	� Artificial neural network
COP	� Coefficient of performance
HVAC	� Heating, ventilation, and air-conditioning
ṁ	� Mass flow rate, kg s−1

ML	� Machine learning
MLP	� Multi-layer perceptron
MoD	� Margin of deviation
MSE	� Mean squared error
R	� Correlation coefficient
Q ̇H	� Heat rejected from the system, W
Q ̇L	� Heat extracted from the system, W
rpm	� Revolutions per minute
W	� Mechanical work of compressor, W

Introduction

By eliminating the need for physical modeling and improv-
ing the methodology of experiments data-driven approaches 
prove to be a more effective solution [1]. Statistical cor-
relations between temperature and pressure readings have 
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long been used by automotive climate control systems to 
evaluate system performance [2]. Artificial Intelligence 
(AI), especially Machine Learning (ML), provides a new 
way to understand the dynamical behavior of these systems 
and produce accurate predictions [3]. Calibration of human 
comfort thermal systems can be difficult and time consuming 
especially for complicated systems like automotive HVAC 
[4]. Startups encounter many issues such as the absence of 
large-labeled datasets and issues with model transferability 
that hinder the translation of AI development to low-cost 
solutions [5]. For forecasting system behavior mathematical 
representations such as inverse models and forward simula-
tion are crucial [6]. These models fall into two categories: 
mechanistic and statistical [7].

To guarantee passenger comfort automotive climate con-
trol systems have historically depended on statistical rela-
tionships between temperature and system performance. AI, 
more especially ML, has become a potent instrument for 
comprehending the intricate dynamics of these systems and 
producing accurate predictions [8, 9]. The ability of MLs 
to find patterns from data and develop predictive models 
increases the possibility of controlling thermal comfort in 
cars. The integration of state-of-the-art technologies such 
as ML and AI has revolutionized many industries in recent 
years leading to innovation and optimization across diverse 
domains. The automotive and energy sectors are among 
the most impacted, as they have experienced significant 
advances in areas such as energy management and thermal 
comfort systems. AI and ML have completely revolutionized 
the prediction and control of thermal comfort in automotive 
applications, and now offer individualized climate control 
settings that, simultaneously, improve passenger comfort and 
energy efficiency. Today, AI-enabled systems can dynami-
cally forecast and adjust cabin temperatures based on real-
time information including passenger preferences, vehicle 
speed and outside weather conditions. Similarly, the energy 
industry has adopted AI and ML methods to improve energy 
management systems and raise the effectiveness of energy 
distribution and consumption.

In modeling the thermal comfort of car seats and cab-
ins researchers have made great progress [10, 11]. Sensi-
tive parts of the body, including the shoulders, back arms 
and buttocks have been found to be extremely sensitive to 
temperature changes by examining the effects of seat cool-
ing systems on passenger comfort [4]. Successful applica-
tions of ML and statistics have been made in electric vehi-
cles and other domains to optimize energy consumption, 
improve passenger comfort and maintain optimal battery 
temperatures [12]. Data on driving behavior and the particu-
lars of heat pump systems are considered in these models. 
Using Computational Fluid Dynamics (CFD) the authors 
also helped develop the compartment simulation [13, 14]. 
Ju & Co. [3] created a machine-learning-based method for 

forecasting individual thermal comfort in automobile cabins 
which can differ greatly among people because of various 
physiological and psychological aspects. The study concen-
trated on using AI to examine ambient conditions and seat-
heating patterns in authentic winter settings. Based on sen-
sor data from cars, the authors tested several ML algorithms 
including support vector machine and kNN to forecast indi-
vidual comfort. According to the findings ML could predict 
passenger heating preferences up to 96% of the time. This 
suggests that automated HVAC system adjustments could 
improve passenger comfort without requiring human input. 
Another study by Basciotti et al. [4] aimed to reduce energy 
consumption by optimizing the thermal management sys-
tems in electric vehicles. For batteries and other car parts 
the authors proposed a novel method that uses refrigerant-
based heating and cooling systems. The study demonstrated 
that the deployment of these systems could greatly increase 
vehicle efficiency and range particularly in instances of 
extreme temperature. The dual benefits of thermal manage-
ment in electric vehicles were demonstrated by the integra-
tion of energy-efficient HVAC systems which reduced the 
energy drawn from the vehicles’ main power source while 
simultaneously improving passenger comfort. Likewise, the 
authors in [11] investigated the use of AI to control the heat 
loads in cars emphasizing ML methods to forecast passen-
ger’s thermal preferences. The study trained algorithms that 
could predict the comfort levels of individual passengers by 
combining physiological measurements with environmen-
tal data such as the outside temperature and humidity. The 
findings suggested that by instantly adjusting to user pref-
erences customized climate control systems could greatly 
increase passenger satisfaction and energy efficiency. König 
et al. [15] also investigated how AI and sophisticated sensor 
technologies might be used in smart buildings for energy 
management. It concentrated on creating smart HVAC sys-
tems that adjust to internal and external climate conditions 
to maximize energy efficiency. The study demonstrated 
how well ML algorithms predict energy needs and modify 
HVAC operations in real-time saving a significant amount 
of energy without sacrificing occupant comfort. Although 
data-driven models offer insightful information it can be dif-
ficult to choose the best one. Comparing the performance of 
various models is frequently done through statistical and ML 
analyses [16, 17]. There is no surefire method that consist-
ently performs better than others even though some models 
show higher reliability [18, 19]. It can be advantageous to 
combine statistical and ML models, but it is essential to 
test different models on datasets and make sure they work 
consistently with data that haven’t been seen yet. Recent 
research has investigated model stability and used cutting-
edge strategies like synthetic data generation. Additionally, 
the versatility and complexity of ML models offer encour-
aging opportunities to enhance the regulation of seat and 
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cabin thermal comfort. Through the integration of statisti-
cal techniques, mathematical equations and experimental 
research, we can examine and comprehend the intricate 
relationships between equipment configurations and opera-
tional influences. Except for the authors’ earlier publication 
[20] which examines heating and cooling a vehicle seat 
using such coils the literature survey found no experimental 
studies on the two-way (heating and cooling) use of vehicle 
air conditioner heat exchanger coils embedded in car seats. 
The primary objective of this research is to experimentally 
evaluate and numerically model a novel two-way automotive 
seat thermal management system integrated directly into a 
modified vehicle HVAC architecture. Specifically, this study 
aims to analyze the thermal interaction between a seated 
occupant and the seat surface while developing a robust arti-
ficial neural network (ANN) framework to accurately predict 
key performance parameters, namely cooling capacity (Q ̇H​
), heating capacity (Q ̇H​), and the coefficient of performance 
(COP) across a wide range of operational conditions. To 
predict important parameters like Q ̇L Q ̇H, and the COP an 
ANN, a model was created using the data from the study. 
The data collected were used to train the ANN model. These 
data included temperature fluctuations, the system’s reaction 
to various conditions, and the distribution of heat throughout 
the vehicle seat. The model was developed to learn intricate 
patterns and relationships between variables using these data 
which enables it to predict heat transfer rates during both 
heating and cooling modes with accuracy. A more accurate 
assessment of the system’s energy efficiency was also made 
possible by the COP prediction which aided in striking a 
balance between energy consumption and thermal comfort. 
The development of cutting-edge energy-efficient automo-
tive heating and cooling systems can be greatly aided by the 
developed ANN model in the current investigation.

Methodology

To facilitate data collection, a modified automotive HVAC 
system is meticulously set up as an experimental environ-
ment. An array of sensors is positioned strategically through-
out this system to monitor several parameters such as airflow 
seat surface temperatures and the HVAC systems overall 
performance. Throughout the experiment, these sensors 
continuously collect data documenting the thermal dynam-
ics of the vehicle cabin as it reacts to various operating cir-
cumstances. To ascertain whether the data are sufficient for 
training the ANN model, its sufficiency is assessed after it 
has been collected. To make sure the dataset can appropri-
ately depict the intricate relationships within the system, this 
decision-making process examines data coverage variability 
and completeness. Additional data are gathered to fill in any 
gaps in the dataset if it is discovered to be insufficient in 

volume or diversity. This ensures that the model has enough 
data to work with. The robustness of the ANN models train-
ing and eventual predictive capabilities are ensured by this 
iterative process of data collection and evaluation which 
continues until the dataset is judged comprehensive and reli-
able. The next step is to train an ANN model after enough 
data have been collected as indicated by the right branch 
in Fig. 1. The purpose of this model is to forecast and opti-
mize important HVAC system parameters such as energy 
consumption air flow control and temperature regulation. 
By using the gathered data to find patterns and connections 
within the system, the ANN model can simulate and predict 
the HVAC system’s performance under different circum-
stances. In an iterative training process, the model continu-
ously modifies its internal masses to reduce prediction errors 
and boost accuracy. The model’s efficacy is assessed using 
several performance metrics. The mean squared error (MSE) 
which calculates the average squared difference between 
expected and actual values is one of the important metrics. 
The more accurate the model’s predictions are the lower the 
MSE. The reliability of the model is also clearly indicated 
by the correlation coefficient (R) which is used to evalu-
ate how well the predictions of the model match the actual 
results. The precision of the model is further validated by a 
higher R value which indicates that it accounts for a sizable 
amount of data variability. An important development in the 
architecture and functioning of automotive HVAC systems 
is represented by this methodical approach that combines 
data-driven methodologies with ML techniques. The sys-
tem is better able to manage intricate thermal dynamics, 
maximize resource utilization and enhance user comfort by 
utilizing AI-based models which will ultimately result in 
more intelligent and sustainable climate control solutions 
for contemporary automobiles.

Experimental investigation

The testing enclosure was a Renault Toros SW passenger 
vehicle with an air conditioner that doesnot use refrigerant. 
The vehicle’s air conditioning system used an electric motor 
to power thecompressor rather than the vehicle’s engine. 
However, modifications to both the HVAC system andthe 
seat were required to enable data collection for thermal cal-
culations, as illustrated in Fig. 2.

The stainless steel corrugated (spiral) hoses with the 
outer diameter of 2.5 mm were designed in a serpentine 
configuration and implemented in the seat cushion and 
backrest sections. The mechanical durability of these hoses 
was better than that of polymer or silicone alternatives and 
they also had relatively higher thermal conductivity, which 
is why they were preferred. Copper tubes could have been 
chosen because of their higher thermal conductivity, but 
their mechanical durability would be much lower under 
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repeated deformation conditions. The thermal conductivity 
of the stainless-steel corrugated hoses used in this study 
is about 22–23 W m−1 K−1. These hoses were underneath 
the seat upholstery. To improve heat spreading, a thin layer 
of aluminum foil was placed underneath the serpentine 
structure, and the top surface was covered with an approxi-
mately 1 mm thick silicone fabric layer. The silicone layer 
slightly reduces the overall thermal performance but offers 
a good compromise for passenger comfort.

Calibration of the thermocouples was done prior to every 
experiment run to enhance accuracy of measurements. To 
observe the thermal characteristics of the system, 23 ther-
mocouples in various locations were installed. There were 
five thermocouples on the seat back surface and five on the 
seat cushion surface to measure the spatial temperature dis-
tribution on the seat. The rest of the thermocouples were 
also installed at the inlet and outlet of the key components 
of the HVAC such as the compressor, expansion part, and 

Fig. 1   Flowchart of methodol-
ogy for optimizing automotive 
HVAC system and passenger 
comfort using ANNs

Start

Experimental setup: Modified vehicle HVAC system

Data collection:seat temperature & system perfomance

Data preprocessing & analysis

Is data
sufficient?

No Yes

Collect more data Train artificial neural nNetwork (ANN)

Model validation:MSE&R2 calculation

Optimized HVAC system & passenger comfort
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the heat exchanger part, to monitor thermal changes at both 
refrigerant and system levels. Other measurements made 
comprised compressor inlet and outlet pressure and com-
pressor rotational speed. This instrumentation design was 
able to measure the temperature of the seat surface and the 
running parameters of the HVAC at the same time in every 
test. A total of five thermocouples were strategically placed 
on the surfaces of the back seat and cushion, in addition 
to two more thermocouples on the distributor and collector 
manifolds. A total of 23 temperature measurements were 
taken from various locations throughout the system, includ-
ing the input and output of components such as the compres-
sor, expansion valve, and heat exchanger.

To provide stable and controllable operating conditions, 
the compressor of the automotive air-conditioning system 

was driven by an electric motor instead of the vehicle engine. 
Compressor speed was regulated by a frequency inverter, 
which allowed the operating conditions to be reproduced 
independently of engine fluctuations. The seat coil circuit 
was operated in either cooling or heating mode through a 
four-way valve, so that the same seat-based thermal system 
could function as an evaporator or a condenser depending on 
the selected mode. The pressures at the inlet and the output 
were measured, as well as the velocity of the compressor. A 
four-way valve was used to switch the function of the seat 
coil between the evaporator and condenser modes. Heating 
and cooling experiments were conducted under cold and hot 
weather conditions respectively, with no influence of direct 
sunshine or engine heat. A compressor driven by an electric 
motor was used to simulate normal engine conditions and 

Fig. 2   The experimental setup for automotive HVAC optimization: a Cooling unit with fan, b Car seat with HVAC coils, c Compressor unit, d 
Data logger monitoring temperature readings for automotive HVAC system optimization
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was controlled by a frequency inverter. The compressor con-
sumed approximately 10% of the total engine power. Testing 
was conducted on mannequins. Before each test the system 
was carefully checked for any possible leaks and the ther-
mocouples were calibrated. Temperature data was collected 
at a frequency of 0.2 Hz, which corresponds to measure-
ments every 5 s. Initially, the air conditioner was operated 
at idle for 5 min and then the speed of the compressor was 
changed, and it was operated for 10 min until it reached sta-
ble condition. Then temperature readings started and took 
five minutes. A manikin was placed in the chair for 5 min 
and the recording continued for an additional 5 min after it 
left. Thermal comfort of the manikin was further evaluated. 
The experiments were carried out at 12 different compressor 
speeds, ranging from 500 to 1600 rpm with a step of 100 
rpm. This experimental setup is based on our previous work 
on heating and cooling vehicle seats [20].

The experiments were carried out under cooling and heat-
ing conditions. Cooling tests were carried out during hot 
weather, while heating tests were performed during cold 
weather. To reduce external disturbances, the tests were per-
formed without direct solar radiation and without the ther-
mal influence of engine operation. In this way, the measured 
thermal response was primarily governed by the HVAC-seat 
system itself. The compressor was tested at 12 operating 
speeds ranging from 500 to 1600 rpm with increments of 
100 rpm. This range allowed the effect of compressor speed 
on seat surface temperature and system COP to be system-
atically evaluated. The detailed instrumentation, controlled 
boundary conditions, and repeatable test sequence ensured 
that the generated dataset was suitable for reliable thermo-
dynamic evaluation and data-driven prediction of system 
performance.

Extensive instrumentation, controlled boundary condi-
tions and repeatable test sequence ensured the generated 
dataset is suitable for reliable thermodynamic evaluation 
and data-driven prediction of system performance. The 
automotive HVAC system is assumed to provide a constant 
cooling (or heating) capacity within the specified operating 
conditions. Therefore, potential variations in system per-
formance under high rotational speeds or severe operating 
conditions have been neglected. COP exhibit diminishing 
returns at higher rpm despite increased airflow, due to the 
dominant energy loss mechanisms. COP shows diminish-
ing returns at higher compressor rpm because the gain in 
heat exchange and airflow distribution is eventually offset 
by the faster rise in power consumption. At low to moder-
ate rpm, increasing speed improves refrigerant circulation 
and thermal transport, which can enhance system perfor-
mance. However, at higher rpm, the compressor requires 
greater mechanical work, fan-assisted heat transfer no longer 
increases proportionally, and thermal-transfer inefficiencies 
become more significant. As a result, the additional energy 

input does not translate into a proportional increase in useful 
heating or cooling output. The dominant loss mechanisms 
are therefore the increased compressor work demand, associ-
ated electromechanical conversion losses, and reduced incre-
mental heat-transfer benefit at elevated operating speeds. 
By the way, heat exchanger characteristics (e.g., fin density, 
surface area, refrigerant flow rate) influence the rpm–COP 
relationship. The nature of heat exchanger has a direct bear-
ing on the extent to which any increase in compressor rpm is 
translated into productive thermal performance. The current 
system had a condenser that was an aluminum two-manifold 
single-pass heat exchanger, and the evaporator was set to a 
single-pass heat exchanger, with tubing run under the seat 
surfaces. These characteristics control the accessible heat 
transfer zone, refrigerant residence characteristics, as well 
as the thermal exchange between the refrigerant and the seat 
structure. A higher rpm can result in higher heat transfer 
during the initial rpm but beyond that point any contact area 
or geometrical constraints of an exchanger can cause dimin-
ished thermal utilization with the result that greater power 
input will result in a lower COP gain at high rpm.

Data analysis and acquisition

Analyzed data from the car seat thermal management system 
were used to determine the primary components that con-
tribute to the COP. Subsequently, predictive models were 
constructed using certain variables to forecast the COP. The 
experiments were carried out in a Renault Toros Station 
Wagon that was previously devoid of an HVAC system. The 
system was created by experimental modifications to the car 
components, including the addition of expanded evaporator 
coils under the surfaces of the driver seats. The frontal per-
spective of the system emphasizes crucial elements, includ-
ing the electric motor, compressor, dryer, and condenser. 
On the other hand, the rear view displays the control panel, 
which includes a fan, inverter, electrical on–off indicators, 
ambient temperature thermometer, manometer for measur-
ing compressor intake and outlet pressures, and a button for 
activating seat heating or cooling. The study gathered sub-
jective feedback from a human participant and examined the 
relationship between temperature readings of seat surfaces 
and the thermal performance of the HVAC system, as docu-
mented in reference [21]. This study builds upon the authors’ 
prior research [20] by conducting comprehensive analysis 
using statistical and ML techniques, as well as developing 
prediction models. The variable that is reliant on other fac-
tors, known as the COP, is the focus of our models.

Throughout the testing process, data were gathered about 
the temperatures of the seat surface, the inlet and outlet tem-
peratures of the HVAC equipment, and the pressures and 
speed at the inlet and outlet of the compressor. 23 thermo-
couples were used in total, with five thermocouples each for 
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the seat back and cushion surfaces, and the remaining for 
the HVAC system units. The compressor mass flow rate and 
power intervals, along with the HVAC COP and fan power, 
are specified. The condenser and evaporator heat exchangers 
are described, and the vapor compression cycle commonly 
used in automotive applications [22] is mentioned. Mechani-
cal and electrical conversion effects were incorporated into 
the energy analysis through the compressor power formula-
tion. The electrical input to the motor was evaluated using 
the voltage, current, power factor, and motor efficiency, 
where the power factor was taken as 0.82 and the electric 
motor efficiency as 0.85. In addition, the HVAC system used 
DC fans with a nominal power of 20 W, and the compressor 
operated within a power range of 500–1000 W. Therefore, 
the reported energy assessment accounted for both compres-
sor drive requirements and fan power consumption rather 
than relying only on ideal thermodynamic estimates. The 
assessment of uncertainty in sensor measurements is crucial 
for precise analysis. Uncertainties in experimental measure-
ments are reported, ranging from 4% for compressor power 
to 1–1.5% for heat transfer calculations and 0.4% for COPs 
[20]. The augmented uncertainty in COP is attributed to sys-
tematic errors in sensor measurements.

ANN model development

An ANN model was developed to estimate the Q̇ L, Q̇ H, and 
COP values. The W, ṁR , and rpm values, namely work, mass 
flow, and revolution per minute, respectively, ​​were defined 
as input parameters in the input layer of the network model, 
which has a multi-layer perceptron (MLP) architecture, and 
the Q̇ L, Q̇ H, and COP values ​​were obtained in the output 
layer. The configuration diagram of the developed MLP net-
work model is shown in Fig. 3. In determining the number 
of neurons in the hidden layer of MLP networks, the method 
applied in the literature was used.

An analysis was conducted on the performances of mod-
els with varying numbers of neurons in the hidden layer. 
Best performance was obtained with the model having 14 
neurons in the hidden layer. The network model was trained 
with 24 data sets, 18 for training and 6 for testing. The MLP 
network model is trained using the training technique of 
Bayesian Regularization. The TanSig and Purelin transfer 
functions were used in the hidden and output layers of the 
model. The performance study of the constructed ANN 
model used typically employed performance parameters. 
The mathematical formulas for determining the MSE, R, 
and margin of deviation (MoD) as performance metrics are 
provided below [20]:

(1)MSE =
1

N

N
∑

i=1

(

Xtarg(i) − Xpred(i)

)2

While the developed ANN model demonstrates excep-
tional predictive fidelity within the experimental enve-
lope, it is subject to the inherent limitations of data-driven 
architectures regarding extrapolation. Unlike mechanistic 
models based on first principles, ANNs function primarily 
as sophisticated interpolation engines that map nonlinear 
relationships within a bounded feature space. Consequently, 
predicting system performance such as COP or heat transfer 
rates, beyond the training boundaries of 500–1600 rpm or 
outside the investigated thermal loads may lead to increased 
uncertainty, as the model lacks the underlying physics to 
account for regime shifts or hardware limits not represented 
in the training data. For these reasons, the current model is 
optimized for the specific operational range of this modified 
HVAC architecture, and further data collection would be 
required to maintain generalizability in extreme or unprec-
edented operational conditions.

Results and discussion

The thermal interaction between occupants and an automo-
bile seat is essential for maintaining passenger comfort. A 
thorough experimental setup was established to investigate 
this, using heat exchanger coils from the HVAC system 
to control seat surface temperatures. The setup included 
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Fig. 3   The configuration diagram of the developed MLP network 
model
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a physical vehicle compartment with equipment and an 
observer for assessing passenger comfort. The experimen-
tal setup included a specially adapted automotive HVAC 
system for accurate data collection. Sensors were strategi-
cally placed around the configuration to measure key metrics 
such as airflow, seat surface temperatures and the overall 
performance of the HVAC system. The sensors continu-
ally gathered data, capturing the thermal behavior of the 
car interior under different operating conditions, thereby 
delivering valuable information to enhance passenger com-
fort. The collected data delivers an important information 
about the thermal behavior of the vehicle interior in different 
operating conditions, creating a basis for the evaluation of 
the system performance. The metrics obtained such as the 
airflow rates and the seat surface temperatures can be ana-
lyzed to establish correlations between the efficiency of the 
system and operational aspects such as the rotational speed 
(rpm) The following figures show in detail these connec-
tions. This gives a complete picture of how fluctuations in 
rpm. influence critical performance parameters such as the 
COP, power consumption and heat transfer properties. Such 
assessments are crucial for improving HVAC performance 
to achieve a compromise between passenger comfort and 
energy economy.

Figures 4-7 all indicate that there is a strong effect of 
compressor rotational speed on the thermodynamic behavior 
of the system during cooling and heating. The findings show 
that rpm and COP, power consumption, and heat transfer 
rates are highly nonlinear, showing that there is an opti-
mal operating range, and no response with the increasing 
speed is continuously improving. Figure 4 shows the COP 
variations with rpm, which provides useful insights into the 
system efficiency under different operating situations. For 
example, in case of cooling (Fig. 4a), a higher rpm could 
have different effects on the COP for increasing it by improv-
ing the heat exchange rates and the distribution of the air 
flow or for decreasing it due to the increase in energy con-
sumption and system inefficiencies. It is mainly based on 
the efficiency of the heat exchangers, thermal load in the 
vehicle cabin and the overall energy balance of the HVAC 
system.  Similarly, Fig. 4b studies heating operations where 
the effect of rpm changes on heating efficiency is consid-
ered. In heating mode, the increase of the rotating speed may 
improve the heat distribution and speed up the temperature 
distribution inside the cabin. Any such improvement has to 
be carefully balanced against the negative impacts, such as 
increased power consumption, increased mechanical wear 
and probable inefficiencies in thermal transfer systems. 
The figure illustrates the threshold beyond which further 
increments in rpm result in decreasing returns, indicating 
that greater energy input does not correspondingly improve 
heating efficiency. In summary, within the cooling mode, 
COP reaches its maximum value at low speed and decreases 

gradually with rise in rpm with slight recovery in the inter-
mediate range. The same pattern is continued with heating 
mode with a significant decrease in COP between low and 
high speed. This decrease in COP at higher rates of rota-
tional speed indicates that the increment of the compres-
sor work is larger than the increment of the useful thermal 
effect. That is, even though increased speed improves the 
rate of circulation of a refrigerant, increased input power 
at high rpm decreases the energetic efficiency of the cycle. 
The findings hence show that low and moderate compres-
sor speeds are more desirable to efficient operation of the 
system.

Figure 5 provides an analysis of power consumption in 
relation to the rpm. In cooling mode, as seen in Fig. 5a, a 
distinct relationship exists between rising rpm and a subse-
quent increase in power consumption. This trend shows an 
increased mechanical work required to sustain the higher 
cooling capacity and hence requires higher energy input. 
These results underscore the critical need for balancing 
operating velocity with energy efficiency in cooling sys-
tems.  Figure 5b also investigates the relation between power 
consumption and rpm in heating mode. The data show a 
similar increasing trend for energy use as rpm increase. This 
insight underscores the need to enhance system performance 
to reduce excess energy use while ensuring adequate heating 
output. It can be concluded from the figures that during both 
cooling and heating cycles, the power consumption rises 
gradually with rpm to about 1250–1300 rpm after which a 
downward trend is recorded. The first rise is explained by 
high mechanical efforts to maintain high refrigerant mass 
flow speed and pressure rise across the compressor. The idea 
of the existence of a peak followed by a decrease with an 
increase in rpm would imply that the cycle is in such a state 
that further increase in speed does not proportionally raise 
the effectiveness of the compression. This could be related 
to the flow restrictions, rising irreversibilities or decreas-
ing heat exchanger performance at high-speed operations. 
The fact that the trends of cooling and heating are nearly 
identical also shows that the speed of the compressor is a 
dominant influence that controls the input power irrespective 
of the operating mode.

Figure 6 examines the heat transfer characteristics of the 
system by evaluating fluctuations in QḢ. In Fig. 6a, illustrat-
ing the cooling mode, QḢ denotes the heat discharged by the 
system into the environment. This metric is an important 
measure of a system's ability to dissipate excess thermal 
energy effectively, which is required for steady operation 
and to avoid overheating. The figure elucidates the effect 
of change in operating conditions on the cooling capacity 
of the system providing key information to improve the 
heat rejection. In contrast, Fig. 6b highlights the heating 
mode. Here, Q ̇H is the quantity of useful heat provided to 
the specified target. This shows the capability of the system 
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to transfer energy efficiently for heating requirements. The 
patterns shown in Fig. 6b are analyzed to assess the system’s 
performance in meeting heating demands with a reduction 
in energy losses. The data provides a complete picture of 
the system’s thermal management, letting engineers opti-
mize performance by balancing heat dissipation in cooling 
and heat application in heating. In heating mode, the useful 
heating output, QḢ, shows a similar non-monotonic behavior 
with maximum rotational speed instead of the peak values at 
moderate speeds. This behavior indicates that the increase 

of the compressor speed is advantageous only until a certain 
limit, above which the thermal performance deteriorates. 
The decrease of QḢ at at high speed may be due to the insuf-
ficient residence time for heat transfer, the deterioration of 
the performance of the exchanger and the increase of ther-
modynamic losses in the cycle.

Figure 7 presents a complete insight on the variation of 
QL̇, the heat extracted from a lower-temperature source, such 
as ambient air or an alternative medium, with respect to rpm. 
In cooling mode, as shown in Fig. 7a, Q ̇L is the system’s 
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ability to extract heat from its surroundings. The ability of 
the cooling process to absorb heat is an important factor in 
determining overall efficiency. The variations  in Q ̇L with 
increasing rpm. show the extent of the system’s performance 
adjustment to different operating demands, revealing its effi-
ciency and cooling capacity. In contrast, Fig. 7b, however, 
shows the heating mode. The variations in Q ̇L as a function 
of rpm, show the balance of energy absorbed and released by 
the system to keep the heating efficiency. In sum, in cooling 
mode, the cooling-side heat absorption increases with rpm 

up to an optimum region and then declines sharply as the 
speed is further increased. In heating mode, Q ̇L also rises to 
a maximum at moderate speed before falling at high rpm. 
These findings confirm that both the evaporator-side and 
condenser-side thermal interactions are strongest within 
an intermediate speed range. At very high rpm, the cycle 
appears unable to maintain effective heat absorption and 
rejection simultaneously, leading to lower thermal capacity 
and poorer overall performance. This observation is fully 
consistent with the decline in COP reported in Fig. 4.
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Combining the findings, the system cannot be run at full 
compressor speed all the time provided the aim is to get the 
maximum efficiency. The rpm is initially beneficial in aug-
menting thermal capacity, but only over a certain operating 
range. Outside this range, an increase in compressor work 
and the decline in the effectiveness of heat transfer result in a 
decline in COP and thermal performance. Based on this, the 
intermediate speed range seems to offer the most appropriate 
tradeoff between nominal capacity in cooling and heating 
operations as well as energy efficiency. The significance of 

these results is in the control of the functioning of systems 
and optimization of their operation since it indicates that it is 
necessary to choose the compressor speed not only with the 
current load requirement but also with the thermodynamic 
penalty in the case of high rotational speed.

By evaluating data identifying complex patterns and cre-
ating accurate prediction models by ML, a branch of AI 
offers a fresh approach to investigating these effects. For 
complex systems like HVAC and vehicle thermal comfort 
where the traditional method of physics-based calibration 
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takes a long time, ML is particularly effective. To find links 
between inputs and outputs They are especially employed 
when the basic mechanisms of system parameters are poorly 
understood. ML techniques are regression optimization and 
neural networks. The ANN model provides a better under-
standing of the efficiency and operation of the vehicles ther-
mal management system. This allows engineers to improve 
design, improve passenger comfort and to simulate different 
operating scenarios. An ANN model is developed in this 
work to predict the important  parameters like the Q ̇L, Q ̇H, 

and COP. The model was trained with data on temperature 
variations system responses to different conditions and ther-
mal distribution over the car seat. As a result, the model was 
able to learn complex patterns and generate accurate pre-
dictions regarding heat transfer in both heating and cooling 
modes. Additionally, the model helps to balance comfort and 
energy use by projecting the COP which helps to assess the 
system’s energy efficiency. This tool makes it easier to create 
advanced energy-efficient car heating and cooling systems.

10500

10000

9500

9000

8500

8000

7500

7000

6500

6000

7000

6500

6000

5500

5000

4500

4000

3500

3000

400 600 800 1000 1200 1400 1600

(a)
rpm

400 600 800 1000 1200 1400 1600

(b)
rpm

Q
L,

 c
oo

l/W
·

Q
L,

 h
ea

t/W
·

Fig. 7   Alteration of QL̇ with respect to rpm, a cooling and b heating



Optimization of automotive HVAC performance and passenger comfort through intelligent…

As seen in Fig. 8, a training performance graph was cre-
ated using training process data to assess the neural net-
work models training phase. The model’s training progress 
is shown in this graph with special attention paid to the MSE 
values. The high MSE values at the beginning of the train-
ing phase indicate a bigger difference between the expected 
and the actual outputs. The MSE values, however, decrease 
gradually with training and the internal parameters of the 
model are improved. The gradual decrease suggests that the 
model is getting better in accuracy as it learns from the data. 
The training phase ends when the MSE values of the test and 
training data sets converge to an optimal level, which means 
that the model has performed at its best. This confirms that 
the network has learned the patterns in the data successfully, 
neither over- nor underfitting. The results show how robust 
the model is to handle complex relationships and how ready 
to generate accurate predictions on new data. After the train-
ing phase verification, a detailed analysis of the developed 
ANN model prediction performance was carried out. The 
ANN models predicted values were compared to the actual 
target values to assess the model’s accuracy in predicting 
three important parameters: Q ̇L, Q ̇H, and COP.

Figure 9 shows a graphic representation of these com-
parisons. The ANN models predictions closely match the 
target values indicating high predictive accuracy according 
to the graphs for each parameter. The model has been able 
to reflect the underlying relationships in the data with very 
small deviations which can be used for accurate allowing 
for accurate Q ̇L, Q ̇H, and COP forecasts. Such high accu-
racy guarantees the dependability of the ANN models for 
real world applications particularly for predicting thermal 
behavior under different conditions. Its ability to repeat real-
world results consistently demonstrates how effective it is at 
optimizing vehicle thermal management while improving  
occupant comfort and energy efficiency. Overall, the findings 
support the model’s strong prediction abilities which qualify 
it for sophisticated thermal management analysis.

Figure 10 shows the calculated differences between the 
actual target values and the ANN models predicted values for 
Q ̇L, Q ̇H, and COP. The deviation values for every data point 
are shown in these graphs indicating how near the zero-
deviation line the data points are. This nearness suggests 
that the model’s prediction errors are small. A small percent-
age of data points with notable deviations are visible in the 
graphs demonstrating the model’s high degree of prediction 
accuracy. For Q ̇L, Q ̇H, and COP the corresponding average 
deviation values were determined to be − 0.21, − 0.02, and 
0.38%. The results show the excellent ability of the model 
to predict these vital parameters with very small errors. This 
small deviation is required to validate that the ANN model 
can correctly  and consistently predict QL̇, QḢ, and COP val-
ues, and thus, it confirms the efficacy of the ANN model for 
the prediction of the thermal behavior. The low error rates 

also indicate that the ANN model is a reliable tool for real-
world vehicle thermal management applications as it has 
successfully captured the intricate relationships between the 
input variables. These results highlight how well the model 
predicts system performance in a consistent and accurate 
manner.

The ANN models predicted values are displayed on the 
y-axis in Fig. 11 while the target values for Q̇L, Q̇H, and COP 
are plotted on the x-axis. It is evident from looking at the data 
points that most of them fall near the zero-error line suggesting 
that the model’s predictions are highly accurate. An extremely 
low average error between the predicted and actual values is 
shown by the ANN models computed MSE of 1. 29E-02. The 
model’s predictions and the desired values also showed an 
almost perfect correlation as indicated by the R which was 
determined to be 0.99659. The ANN model with a high R 
value has successfully captured the underlying relationships 
between the input and output variables, ensuring that its pre-
dictions are close to the real outcomes. The results show that 
the developed ANN model can predict Q̇L, Q̇H, and COP 
values with a low degree of error. The model is an efficient 
tool for forecasting and evaluating the thermal performance 
of vehicle systems because of its low MSE and high R values 
which attest to its high reliability. This degree of accuracy is 
necessary for system design optimization and for enhancing 
occupant comfort and energy efficiency in real-world auto-
motive applications. All things considered the findings offer 
compelling proof that the ANN model predicts the important 
thermal parameters with optimal accuracy.

Conclusion

Thermal interaction between passengers and car seats is vital 
for comfort. An experiment utilizing HVAC heat exchanger 
coils was designed to adjust seat surface temperatures, show-
casing a novel methodology. The setup involved a vehicle 
compartment prepared for passenger comfort observation, 
sustained by a precisely configured automotive HVAC sys-
tem. The study shows that ML is well-suited to complex 
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systems, such as HVAC and vehicle thermal comfort, espe-
cially when physics-based calibration is time-consuming. 
The MLP network model is used to connect inputs and out-
puts, which is particularly useful when the system parameter 
processes are not clear, with the Bayesian Regularization 
training technique. The ANN model gives an insight into the 
thermal management system of vehicle efficiency and opera-
tion. The developed ANN model showed a high accuracy 
in the prediction of key parameters like Q ̇L, Q ̇H, and COP, 
confirming its potentiality as a reliable tool for optimizing 
automotive HVAC. This model utilizes thermal data and pre-
dicts the performance of the system to facilitate the design 
of energy-efficient climate control systems for better passen-
ger comfort. Future research could incorporate complex ML 
models and real-time data integration. Generalizability of 
the model to other vehicle types and HVAC configurations 
can be improved by expanding experimental setups with 
larger datasets. Below are the key findings of the analysis. 

(a)	 Rpm increases heat exchange rates and airflow dis-
persion, but it increases energy consumption and sys-
tem inefficiencies, which reduces COP. In heat mode, 
increasing the rpm will improve the dispersal of heat 
and temperature but will also increase energy con-
sumption, mechanical wear and thermal inefficiencies. 
After a certain point, increases in rpm have diminish-
ing returns, meaning the input of energy no longer 
increases efficiency.

(b)	 Power consumption increases with RPM in cooling 
and heating modes due to more mechanical work. The 
heat transfer capacities of the system are indicative of 
its ability to dump excess heat during cooling and to 
deliver useful heat during heating. Good heat dissipa-
tion can keep the device working steadily and prevent 
it from overheating, and good energy transfer can meet 
the heating demand and reduce loss.

(c)	 The variation in Q ̇L, during the cooling mode, affects 
the system’s efficiency and cooling capacity due to 
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increased rpm, but in heating mode, variations in Q ̇L 
indicate the balance between energy absorption and 
output required to maintain heating efficiency.

(d)	 The MSE was high in the beginning during the train-
ing phase, but it constantly decreased and reached the 
optimal levels for both training and test datasets in the 
end. The ANN model yielded an MSE of 1.29E-02, 
indicating low prediction error.

(e)	 The predicted values for Q ̇L, Q ̇H, and COP were very 
close to the target values, indicating high prediction 
accuracy. The correlation between the predicted and 
actual values indicated that the ANN model can suc-
cessfully predict the values of Q ̇L, Q ̇H, and COP.

(f)	 The differences between predicted and actual values 
were small, with average differences of − 0.21% for 
QL̇, − 0.02% for QḢ, and 0.38% for COP, which showed 
low errors..

(g)	 The R was 0.99659, indicating that the predicted and 
actual values fit almost perfectly.

(h)	 These results validate the ANN model for the prediction 
of QL̇, QḢ, and COP with high accuracy, low error, and 
high correlation and can be used as a robust tool for the 
prediction of thermal performance prediction.

(i)	 Thermal management at seat level by the HVAC system 
in the automotive sector can improve passenger comfort 
and energy savings. Better cooling, heating, and COP 
prediction under diverse operating conditions can be 
achieved with the ANN framework in future vehicle 
climate-control systems.
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