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Abstract 

Energy efficiency is a critical challenge in heating, ventilation, and air conditioning 
(HVAC) systems in battery electric vehicles (BEVs), as they are among the main auxiliary 
systems directly affecting driving range. This review examines control-oriented strategies 
for EV cabin thermal management, focusing on how advanced control can improve en-
ergy utilization while maintaining thermal comfort. Specifically, the review examines pre-
dictive control methods, optimization-based strategies, and data-driven learning ap-
proaches applied to HVAC systems, with particular emphasis on model predictive con-
trol, dynamic programming, and reinforcement learning frameworks. The literature 
shows that advanced controllers can reduce HVAC energy consumption while maintain-
ing thermal comfort; however, most existing studies still focus on whole-cabin air regula-
tion. In contrast, localized actuators, including seat heaters, radiant panels, infrared heat-
ers, and targeted airflow systems, are rarely optimized or incorporated as explicit manip-
ulated variables in control frameworks. This review identifies the lack of coordinated lo-
cal–global actuator optimization and control as a major research gap. Future EV cabin 
thermal management should therefore prioritize human-centric, prediction-aware, and 
safety-constrained control frameworks that jointly optimize global HVAC operation and 
localized comfort actuation. 

Keywords: electric vehicles; energy efficiency; human-centric thermal management;  
control; thermal comfort 
 

1. Introduction 
Electric vehicles (EVs) are increasingly gaining global acceptance as an effective 

means of reducing carbon emissions [1]. As evidence of this trend, EV sales have increased 
at a steep rate in recent years. Despite this progress, challenges such as range anxiety and 
charging infrastructure have limited their widespread deployment. Among the contrib-
uting factors, the energy consumption of heating, ventilation, and air conditioning 
(HVAC) systems plays a critical role, as it can substantially reduce driving range, partic-
ularly under extreme ambient conditions. Effective control of EV HVAC systems is there-
fore essential, as these systems must simultaneously balance multiple, often competing 
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objectives, including occupant thermal comfort, energy efficiency, and safety-related fac-
tors such as cabin air quality, humidity, and windshield fogging [2–4]. 

In this context, the present work aims to review advanced control-oriented solutions 
for electric vehicle cabin HVAC and thermal-management systems, with a specific focus 
on control strategies capable of handling the nonlinear, coupled, and time-varying dy-
namics of EV cabin environments. Unlike general reviews that broadly discuss HVAC 
hardware, refrigerants, or thermal comfort technologies, this review focuses primarily on 
control strategies for EV cabin air conditioning systems. 

The review scope was intentionally limited to advanced control methods that are 
suitable for managing complex EV cabin thermal dynamics, multi-objective energy–com-
fort trade-offs, actuator constraints, disturbance variations, and real-time implementation 
challenges. Accordingly, the main control categories considered in this review are model-
based control, data-driven and learning-enhanced control, and dynamic-programming-
based optimization. Model predictive control and its linear, nonlinear, and hierarchical 
variants were selected because they can explicitly handle system constraints, previewed 
disturbances, multi-input–multi-output interactions, and comfort–energy optimization. 
Data-driven and learning-based controllers were included because they can reduce mod-
eling complexity and capture nonlinear thermal behavior when high-fidelity physical 
models are computationally expensive or difficult to derive. Dynamic programming was 
included because it provides globally optimal or near-optimal benchmark solutions and 
is frequently used as a supervisory planning tool for energy-efficient cabin thermal con-
trol. 

To support the control-oriented discussion, the review first provides an overview of 
conventional whole-cabin HVAC and heat pump air conditioning architectures, as well 
as emerging localized thermal-management technologies. This background is necessary 
because the choice of control strategy is strongly related to the available actuators. Human 
thermal comfort assessment methods are also briefly reviewed because comfort metrics 
such as predicted mean vote, equivalent temperature, thermal sensation, and localized 
comfort indices are increasingly used as objective-function terms, constraints, reward var-
iables, or feedback signals in advanced EV HVAC controllers. 

The novelty of this review therefore lies in its control-oriented organization of EV 
cabin air conditioning literature and in its explicit distinction between whole-cabin HVAC 
control and emerging integrated local–global thermal comfort control. While previous 
studies have separately reviewed HVAC architectures, energy-saving technologies, re-
frigerants, and human thermal comfort models, the present review analyzes how ad-
vanced control and optimization methods are used to improve cabin thermal-manage-
ment performance. By linking HVAC system architecture, comfort assessment, actuator 
selection, and control strategy, this review highlights a key research gap: most advanced 
controllers still focus on whole-cabin air regulation, whereas the real-time coordinated 
control of localized and global thermal actuators remains insufficiently developed. 

The remainder of the paper is organized as follows. Section 2 introduces conventional 
whole-cabin HVAC systems and localized thermal-management technologies for EV cab-
ins. Section 3 briefly reviews thermal comfort assessment and modeling approaches rele-
vant to control formulation. Section 4 critically reviews advanced control strategies, in-
cluding model-based control, data-driven and learning-enhanced control, dynamic-pro-
gramming-based optimization, disturbance-preview integration, and integrated local–
global actuator control. Finally, Sections 5 and 6 summarize the main findings, research 
gaps, and future directions for energy-efficient and human-centric EV cabin thermal man-
agement. 
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Literature Search Scope and Selection Protocol 

A targeted literature search was conducted to identify studies relevant to advanced 
control strategies for electric vehicle cabin HVAC and thermal-management systems. Sco-
pus and Web of Science were used as the primary databases. The main search period was 
limited to 2018–2025 to capture recent developments in electric vehicle cabin air condi-
tioning control, while earlier studies were retained only when they provided foundational 
control methods, thermal comfort models, or localized thermal comfort concepts directly 
relevant to the review. The search combined three main concept groups: electric vehicle 
terms (“electric vehicle,” “battery electric vehicle,” “BEV,” “EV cabin,” “electric vehicle 
HVAC,” and “electric vehicle air conditioning”), cabin thermal-management terms 
(“cabin thermal management,” “cabin HVAC,” “vehicle HVAC,” “heat pump air condi-
tioning,” “HPAC,” “cabin climate control,” and “air conditioning system”), and con-
trol/optimization terms (“model predictive control,” “MPC,” “nonlinear MPC,” “NMPC,” 
“linear time-varying MPC,” “hierarchical MPC,” “dynamic programming,” “reinforce-
ment learning,” “deep reinforcement learning,” “machine learning,” “neural network,” 
“data-driven control,” “disturbance preview,” “preview control,” and “optimization”). 
Google Scholar was used as a supplementary source to identify highly cited, recent, or 
potentially missing studies, while selected publisher-level searches, including MDPI, 
were used only as additional checks for recent open access publications. Studies were in-
cluded when they addressed pure electric vehicle cabin HVAC control, heat pump air 
conditioning control, cabin–battery or integrated vehicle thermal management involving 
cabin comfort, learning-based or optimization-based HVAC control, disturbance-preview 
control, comfort models used in control formulation, or local–global actuator coordina-
tion. Studies were excluded when they focused only on building HVAC, internal-com-
bustion or hybrid vehicles, battery-only thermal management without cabin–HVAC cou-
pling, motor or power-electronics thermal management without cabin relevance, charging 
or grid energy management, or component-level refrigerant and heat-exchanger design 
without control relevance. 

2. Conventional and Localized HVAC Systems 
2.1. Conventional Whole-Cabin HVAC Systems 

Conventional HVAC systems refer to the earliest and most widely available method 
of ensuring human thermal comfort in electric vehicles, operating by conditioning the en-
tire cabin air volume. Traditionally, cooling is achieved through vapor-compression cy-
cles (VCCs), while heating relies on positive temperature coefficient (PTC) heaters. Alt-
hough VCC systems are energy-efficient for cooling, PTC heaters exhibit high energy con-
sumption under cold ambient conditions, exacerbating driving-range limitations [5,6]. 
This drawback has driven the adoption of heat pump air conditioning (HPAC) systems, 
which utilize reversible refrigerant flow via switching valves to provide both heating and 
cooling within a single architecture. 

HPAC systems are broadly classified into single-loop and secondary-loop configura-
tions, as shown in Figure 1, depending on the heat-transfer medium. Secondary-loop sys-
tems employ an additional coolant circuit—typically a water–glycol mixture—to transfer 
heat between the refrigerant loop and the cabin heat exchanger, thereby reducing refrig-
erant leakage risks and associated health concerns [7–10]. However, HPAC performance 
decreases at very low ambient temperatures. Mitigation strategies include PTC-assisted 
heating, vapor injection, and multistage compression. 

In addition to thermodynamic limitations, frost formation on the outdoor heat ex-
changer poses a critical operational challenge. To mitigate frost formation, several defrost-
ing strategies have been proposed, including hot-gas defrosting, electric-heater 
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defrosting, and reverse-cycle defrosting [11–13]. Environmental concerns associated with 
high-GWP refrigerants such as R134a have motivated the search for alternative refriger-
ants with low global warming potential, including R1234yf, R290, R152a, R410A, R407C, 
air, R744 (CO2), and their mixtures [8,10,14–16]. 

 

Figure 1. Taxonomy of conventional whole-cabin air conditioning systems in EVs. 

Integrated thermal-management systems (ITMS) have emerged as an extension of 
conventional HVAC, enabling coordinated operation of battery, motor, and cabin subsys-
tems. These architectures leverage waste heat from high-temperature components (e.g., 
motor, inverter, power electronics) to augment cabin heating, improving overall energy 
efficiency [17,18]. However, such systems strongly depend on effective subsystem coordi-
nation and control, underscoring the critical role of advanced control strategies [10,19]. 

2.2. Localized HVAC Systems 

In contrast to conventional whole-cabin conditioning, human-centric (localized) 
HVAC systems regulate thermal comfort by directly conditioning the occupant microcli-
mate, targeting only occupied regions, as illustrated in Figure 2. By focusing on specific 
body segments, these systems can enhance perceived comfort while reducing overall en-
ergy demand. 

Contact-based conditioning operates through direct thermal exchange at the body–
surface interface, providing heating or cooling via components such as seat heaters/cool-
ers, heated steering wheels, and wearable devices. These systems primarily rely on con-
ductive heat transfer and enable rapid, localized thermal sensation control. 

Convective localized conditioning delivers conditioned air directly to the occupant 
through strategically positioned vents. Advanced vent control strategies enable spatially 
distributed airflow targeting different body regions (e.g., face, torso, hands), allowing in-
dependent regulation of local thermal conditions [20]. Given the heterogeneous thermal 
sensitivity of the human body, such systems are often implemented using thermoelectric 
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modules, which enable precise, bidirectional (heating/cooling) control at localized points 
[21–24]. 

 

Figure 2. Localized human comfort management systems in EVs: contact-based systems, vent con-
trol (convection) approaches, and radiant warmers. The green, blue, and red panels represent con-
tact-based conditioning, convective localized conditioning, and radiative conditioning, respectively 
indicating the direction of localized heat or airflow delivery and the targeted occupant body seg-
ments. 

Radiative conditioning employs near-infrared emitters to deliver thermal energy di-
rectly to the occupant without significantly altering ambient air temperature [25,26]. These 
systems are typically positioned near the lower extremities (e.g., legs, knees, thighs) to 
reduce time-to-sensation and improve comfort response [27,28]. However, due to the dif-
fusive nature of infrared radiation and proximity requirements, careful thermal manage-
ment is necessary to avoid surface overheating and associated risks such as discomfort or 
burns. Accordingly, advanced designs incorporate safety mechanisms that limit surface 
temperature upon contact, ensuring safe operation under close-range exposure [29]. 

3. Overview of Human Thermal Comfort and Modeling 
In EV cabins, thermal comfort is not only a passenger experience metric but also a 

control-relevant variable directly linked to energy consumption, as HVAC loads draw 
from the traction battery. Unlike stationary environments, EV cabins exhibit highly non-
uniform and transient thermal conditions, requiring comfort metrics that are both spa-
tially resolved and suitable for control-oriented optimization. Comfort prediction can be 
viewed as a coupled process: cabin heat and mass transfer defines the local microclimate, 
the human body responds through thermophysiological regulation (e.g., skin and core 
temperature), and perceptual models map these responses to thermal sensation and com-
fort as shown in Figure 3. 
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Figure 3. Conceptual framework for evaluating thermal comfort in vehicle cabins. (a) Cabin envi-
ronmental factors and heat-transfer modes affecting occupants, including solar radiation, humidity, 
convective airflow, and conductive heat transfer through seat contact. (b) Human thermophysiolog-
ical response of a seated passenger, including metabolic heat generation, respiration, clothing insu-
lation, and thermoregulatory mechanisms such as vasodilation, vasoconstriction, sweating, and 
shivering. (c) Thermopsychological interpretation that converts physiological responses into sub-
jective thermal perception, represented by thermal sensation and thermal comfort scales (e.g., Berke-
ley sensation and comfort models). The framework illustrates the progression from cabin environ-
mental exposure to physiological response and ultimately to perceived thermal sensation and com-
fort. 

At the most basic level, environmental indices that are used to characterize cabin 
conditions, including air temperature (Ta) [30], relative humidity (RH) [31], mean radiant 
temperature (Tmrt) [32], and equivalent temperature (Teq) [33–35] are used as comfort-eval-
uation metrics. Typical comfort guidelines place cabin air temperature within approxi-
mately 23–28 °C, although acceptable ranges depend on humidity and solar load. 

Thermophysiological models provide a more detailed representation by solving hu-
man energy balance equations, accounting for metabolic heat generation and heat ex-
change with the environment via conduction, convection, radiation, and evaporation. 
These models predict skin and core temperatures, which serve as primary indicators of 
thermal state and comfort [36–41]. 

These perceptual models are particularly important in electric vehicle cabins, where 
thermal management often involves localized and transient strategies rather than whole-
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cabin conditioning. Representative perceptual models include predicted mean vote 
(PMV), Predicted Percentage of Dissatisfied (PPD) [42], dynamic thermal sensation (DTS) 
[43], and Berkeley models [44–46]. 

From a real-time control perspective, the above-mentioned comfort metrics differ in 
computational cost and required physiological information. Cabin air temperature, oper-
ative temperature, and equivalent temperature are the least demanding because they rely 
mainly on measurable environmental variables and can be directly used as feedback sig-
nals or constraints. Equivalent temperature is more suitable for vehicle cabins than air 
temperature because it includes combined convective and radiative effects, but it remains 
limited under highly transient conditions. PMV has moderate cost and is suitable for near-
uniform whole-cabin control, although it requires several environmental and personal in-
puts and cannot capture local exposure, seat contact, or rapid transients. DTS is more com-
putationally demanding because it depends on transient skin/core temperature states and 
their rates of change, making it more suitable for transient comfort assessment than low-
level control unless simplified observers are used. OTS and Berkeley-type local/overall 
models are the most informative for localized and integrated local–global control because 
they capture body-segment responses, but they require local skin temperatures, segment-
level physiological states, adaptive setpoints, and local-to-overall comfort aggregation. 

4. Control Techniques 
Control is a critical part of automotive TMS because of the inherently multi-objective 

and coupled nature of the systems [2–4]. This section analyzes, summarizes, and classifies 
studies on advanced control strategies applied to EV cabin thermal management by dif-
ferentiating between whole-cabin HVAC control and integrated local–global control. 
Whole-cabin control refers to studies in which cabin comfort is controlled mainly through 
global HVAC variables such as compressor speed, blower flow rate, and recirculation ra-
tio, whereas integrated local–global control describes frameworks in which whole-cabin 
HVAC and localized actuators are jointly coordinated to meet both comfort and traction-
battery-energy constraints. In the following subsections, the reviewed studies are com-
pared according to system scope, manipulated variables, comfort representation, disturb-
ance-preview capability, optimization complexity, and performance and representative 
papers for each technique are summarized in Table 1. 

4.1. Whole-Cabin Control Systems 

4.1.1. Model Predictive Control (MPC)-Based Strategies 

Model predictive control (MPC) refers to a receding-horizon optimization frame-
work in which a control-oriented model predicts future cabin or thermal-management 
behavior, an objective function balances comfort and energy use, while actuator and safety 
constraints are enforced, and only the first optimized control action is applied before the 
problem is solved again at the next sampling step, as shown in Figure 4 [4,47,48]. This is 
particularly relevant to EV cabin air conditioning because cabin thermal states are influ-
enced by nonlinear heat transfer, thermal inertia, refrigerant-cycle behavior, occupant 
heat load, solar radiation, ambient temperature, vehicle speed, and ventilation demand. 
Unlike rule-based or PID controllers, MPC can use future information such as route data, 
vehicle-speed preview, passenger-number prediction, traffic conditions, and air-quality 
demand to adjust HVAC operation before large thermal or ventilation loads occur [49–
52]. However, MPC performance mainly depends on model accuracy, solver robustness, 
prediction accuracy, calibration, and automotive ECU capabilities [53–55]. 

In this review, MPC is classified according to four main technical dimensions: model 
linearity, prediction-model construction, control hierarchy, and disturbance handling. 
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Linearized MPC studies mainly emphasize real-time feasibility and reduced computa-
tional burden [56,57]. Nonlinear and economic MPC formulations are used when refrig-
erant-cycle behavior, cabin–battery coupling, humidity, air quality, or comfort indices 
must be represented with higher fidelity [4,52]. Data-driven and surrogate-model MPC 
approaches use neural network-based or reduced-order prediction models to approxi-
mate nonlinear HVAC and thermal-management dynamics with lower online computa-
tional cost. Hierarchical and robust MPC formulations further address multi-time-scale 
coordination and uncertainty in long-horizon preview information. The following subsec-
tions classify the literature into linear MPC, nonlinear MPC, data-driven or machine learn-
ing-assisted MPC, and hierarchical MPC. 

 

Figure 4. Schematic representation of the (a) MPC closed-loop structure and (b) receding-horizon 
principle, showing model-based output prediction, constrained control-sequence optimization, 
first-move implementation, and repeated re-optimization using update [58]. 

Linear MPC 

Linear MPC formulations have been widely implemented to balance control perfor-
mance and real-time feasibility in EV HVAC applications. Y. Chen et al. [2] implemented 
a linear time-varying MPC strategy that regulates cabin temperature while minimizing 
energy consumption under varying driving and environmental conditions. In addition to 
power consumption, the thermal comfort cost was formulated as a weighted quadratic 
deviation between cabin temperature and the setpoint. The strategy controls the compres-
sor, fan, and electric heater and uses simplified quadratic programming for a real-time 
solution of the cost function. Evaluation under standard driving cycles (UDDS, HWFET, 
US06, and WLTC) and multiple ambient temperatures showed that the controller main-
tains comparable regulation performance to nonlinear economic MPC, while reducing 
computational time by 72.4% on average and achieving faster cool-down, reaching target 
cabin temperatures 69–115 s earlier than rule-based control with 3.2–15% lower energy 
use. 

Similarly emphasizing computational efficiency, Schaut and Sawodny [4] employed 
a linear-quadratic MPC framework based on low-order cabin and HVAC models com-
bined with an extended Fanger PMV comfort formulation to evaluate occupant thermal 
comfort in vehicles. Based on the extended comfort model, minimum and maximum PMV 
limits of ±3 were used to define the feasible comfort range, and the controller was designed 
to guide the system into this range through manipulated variables. By incorporating dis-
turbance forecasts such as solar load and ambient temperature, the controller predicts 
cabin and HVAC dynamics over a long horizon while enforcing comfort-envelope, air-
quality, and safety constraints. As shown in Figure 5, control actions are applied through 
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flap position, blower flow, and heating/cooling power, enabling both heating and cooling 
operation with a computational burden suitable for automotive ECUs, particularly when 
compared with nonlinear MPC approaches that rely on short prediction horizons. 

 

Figure 5. Simplified vehicle cabin HVAC architecture showing air mixing, blower-driven airflow, 
evaporator cooling, heater-based air conditioning, and conditioned air delivery to the passenger 
cabin [4]. 

Extending linear MPC concepts, Vatanparvar and Al Faruque [59] proposed a bat-
tery-aware climate control strategy that integrates single-zone HVAC thermodynamics 
with battery degradation, drive profile, and powertrain load models. The MPC forecasts 
motor power demand, cabin-temperature dynamics, and HVAC power consumption, en-
abling coordinated HVAC modulation to reduce battery state-of-charge (SoC) deviation 
while maintaining comfort. Occupant comfort was maintained by constraining cabin tem-
perature within predefined minimum and maximum limits. The optimization objective 
also penalizes deviation between cabin temperature and the target temperature, thereby 
linking HVAC energy management with cabin comfort. The results showed up to 13.2% 
reduction in battery degradation and 14.4% reduction in energy consumption across mul-
tiple drive cycles and ambient conditions. 

Generally, linear MPC mainly utilizes linearization, piecewise-linear modeling, 
adaptive setpoint override, hybrid/discrete actuator handling, and value-function approx-
imation to enable practical embedded implementation. 

Nonlinear MPC 

Nonlinear MPC has been adopted to address the strong nonlinearities, multivariable 
coupling, and expanded comfort and safety requirements inherent to EV thermal-man-
agement systems. Comfort-oriented formulations mainly use more robust comfort models 
in the cost function or constraints to improve the energy–comfort trade-off [60,61], while 
health- and air-quality-oriented NMPC extends the objective beyond temperature regula-
tion by including ventilation, CO2, humidity, or infection-risk constraints [52,62]. Inte-
grated thermal-management NMPC further expands the control scope from cabin-only 
HVAC to coupled cabin–battery thermal regulation, where cabin comfort, battery safety, 
heat pump operation, and range or energy objectives are optimized simultaneously 
[63,64]. 

Accordingly, Schutzeich et al. [65] applied nonlinear MPC to jointly manage cabin 
temperature, CO2 concentration, humidity, and fogging prevention by modeling wind-
shield temperature and air humidity. The controller manipulates blower speed, heat-
ing/cooling intensity, and air recirculation ratio. Passenger comfort was quantified using 
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equivalent temperature (ET), because cabin air temperature alone does not capture the 
radiative effect of the included radiant panel. The cost function was solved using multi-
shooting nonlinear optimization, and energy reductions of up to 37.9% under hot condi-
tions and 15.4% under cold conditions were reported compared to rule-based control. 
Similarly, Cvok and Deur [60] addressed optimal coordination of multiple HVAC actua-
tors under time-varying disturbances using NMPC. The predicted mean vote (PMV) in-
dex was used to assess cabin thermal comfort. Although PMV considers six different fac-
tors, the resulting PMV map was approximated as a quadratic function of cabin air tem-
perature and cabin inlet flow, which was then minimized in the cost function. As shown 
in Figure 6, the controller explicitly incorporates previewed disturbances such as vehicle 
speed, solar load, ambient temperature, and metabolic heat, and computes optimal cabin 
inlet air temperature and air mass flow using a direct single-shooting optimization ap-
proach. 

 

Figure 6. Conceptual representation of an NMPC-based EV cabin cooling control framework. The 
supervisory NMPC layer uses previewed thermal disturbances and measured cabin states to opti-
mize inlet-air temperature and blower mass-flow commands which are tracked by low-level con-
troller [60]. 

Extending nonlinear MPC to fully integrated thermal management under extreme 
conditions, Hajidavalloo et al. [63] developed an NMPC strategy for coordinated cabin 
and battery thermal control by manipulating compressor speed and coolant-flow rates for 
both subsystems. Control-oriented models of the heat pump, cabin thermal dynamics, and 
electrothermal battery behavior are employed, with particular emphasis on sub-zero am-
bient operation. To handle the resulting multi-objective optimization problem, dynamic 
programming is used to approximate the global optimal solution, and the proposed strat-
egy was shown to increase driving range by more than two hours compared to a cabin-
only heating baseline. 

However, the computational cost associated with nonlinear modeling of systems hin-
ders the practical implementation of NMPC for real-time control. This limitation has been 
partly addressed through data-driven modeling of nonlinear system dynamics, as shown 
in Figure 7. This issue is especially relevant for air conditioning systems with strong non-
linearities and large time-lag characteristics [66], coupled air conditioning system–battery 
thermal-management system control [67] and transcritical CO2 thermal systems [68]. Ex-
perimental data-driven MPC further addresses practical implementation issues by 
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training control-oriented models from experimental data and validating the controller un-
der fixed and variable ambient temperatures [69,70]. 

For instance, Jess et al. [71] developed a purely data-driven cabin thermal model ca-
pable of reproducing multi-zone thermal dynamics with very low computational cost. For 
integrated thermal-management systems, Pan and Li [3] proposed a data-driven NMPC 
approach in which a NARX-RNN model was used to capture the nonlinear dynamics of 
the integrated cabin–battery thermal system. By controlling compressor speed and expan-
sion-valve openings, the controller maintained the desired cabin and battery temperatures 
while maximizing the coefficient of performance (COP). Although the surrogate model 
reduced the computational burden compared to NMPC, it still faced practical implemen-
tation challenges because of its high computation time, which was reported as 30 s for a 1 
s control interval. 

 

Figure 7. MPC system with machine learning model used for prediction. 

Hierarchical MPC 

Hierarchical MPC architectures have been introduced to explicitly address the multi-
time-scale nature of EV thermal systems, where slow cabin and battery thermal dynamics 
coexist with fast actuator responses and time-varying operating conditions [72]. The su-
pervisory layer operates over a relatively long prediction horizon to optimize cabin-tem-
perature trajectories, occupant comfort targets, and battery-energy allocation. In contrast, 
the lower layer operates at a shorter sampling time to regulate fast actuator dynamics, 
including compressor speed, blower flow rate, and electronic expansion-valve operation 
[73]. Such time-scale separation reduces the computational burden because the upper 
layer solves a lower-frequency optimization problem, while the lower layer handles rapid 
tracking, actuator saturation, and disturbance rejection. 

This structure is particularly useful for integrated EV thermal-management systems, 
where cabin air and interior surfaces respond slowly, whereas refrigerant-side and elec-
trical actuators respond much faster. In the framework of Figure 3, the comfort model acts 
as a link between the environmental states and the supervisory control layer. Instead of 
minimizing only instantaneous cabin-temperature error, the upper layer plans comfort-
feasible cabin-temperature trajectories, which are then transferred to the lower layer to 
track the planned thermal state through actuator manipulation. 

Accordingly, Amini et al. [74] presented a two-layer hierarchical MPC in which the 
upper layer plans long-term optimal thermal trajectories using traffic and vehicle-speed 
previews, while the lower layer executes near-term control. Intelligent online constraint 
handling adjusts the comfort zone based on AC efficiency variations with vehicle speed. 
Compared to single-layer MPC, fuel-consumption reductions of 2.2–5.3% were reported 
on urban and city cycles. 
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Building on the concept of supervisory coordination, Liu and Zhang [75] applied 
MPC to coordinate the operation of separate cabin and battery thermal-management sys-
tems, in which neural network-aided control was used for the BTMS and PI control was 
used for the cabin AC system. The approach schedules energy usage to avoid load peaks 
and prioritize regenerative energy utilization over recharging while maintaining thermal 
comfort, which is represented mainly by cabin-temperature tracking at the environmen-
tal-descriptor level in Figure 3. The strategy, solved using particle swarm optimization, 
achieved up to 6.5% energy savings and a 4.3% reduction in recharging energy compared 
to a non-integrated benchmark. Hierarchical NMPC has also been extended to transient 
cabin disturbances through coolant-flow division and cabin-air-inflow regulation during 
door-opening events [76,77]. 

In general, the methodological value of hierarchical MPC is its ability to decompose 
EV thermal control into planning and tracking layers, separate slow and fast dynamics, 
and coordinate comfort, energy use, battery protection, and transient disturbance re-
sponse within one structured framework. 

Disturbance Prediction and Preview Integration 

Disturbance preview is important because the optimal use of energy depends on fu-
ture cabin thermal load, which is strongly influenced by upcoming driving and environ-
mental conditions. For instance, if solar load or ambient temperature is expected to change 
rapidly, the controller can precondition the cabin globally or temporarily rely more on 
local actuators to reduce compressor demand. Therefore, accurate prediction and system-
atic integration of external disturbances are critical for high-performance predictive con-
trol of EV thermal-management systems. Disturbance-preview integration can be classi-
fied into deterministic and stochastic preview. In deterministic preview, future driving, 
weather, or air-quality variables are treated as known or directly forecasted trajectories 
over the MPC horizon. In stochastic preview, uncertain disturbances are predicted prob-
abilistically using statistical or data-driven methods. This is especially important for elec-
tric buses because passenger-number variation randomly changes the internal heat load 
and therefore the future cabin cooling demand. The predicted variables commonly in-
clude vehicle speed, route-dependent driving load, ambient temperature, solar radiation, 
cabin thermal load, ventilation demand, and air-quality constraints, because these varia-
bles determine future compressor load, fresh-air heating/cooling demand, cabin heat gain, 
and high-power HVAC periods [51,52,78,79]. 

Accordingly, Schaut and Sawodny [4] incorporated solar load and ambient temper-
ature forecasts directly into a long-horizon linear MPC framework to improve prediction 
accuracy and control performance. Amini et al. [74] further exploited preview information 
by integrating traffic and vehicle-speed predictions within a hierarchical MPC architec-
ture, enabling long-term thermal trajectory planning and shifting cooling loads toward 
higher-efficiency operating periods. Complementing these model-based approaches, 
Rausch et al. [80] developed a machine learning-based disturbance-prediction system that 
combines weather forecasts, Car2X technologies, and vehicle sensor data to generate 
route-specific previews of vehicle speed, solar radiation, and ambient temperature using 
k-nearest neighbor and linear regression techniques, thereby overcoming the limitations 
of constant or naïvely estimated disturbances commonly assumed in predictive HVAC 
control. 

4.1.2. Data-Driven and Learning-Enhanced Control 

The use of machine learning techniques in EV HVAC system control has increased 
because they can approximate nonlinear cabin–HVAC dynamics, learn control actions 
from operating data, reduce dependence on manually tuned rules, and adapt control 
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behavior under changing ambient and driving conditions. Different ML techniques, in-
cluding Deep Q-Network, deep deterministic policy gradient, Twin Delayed Deep Deter-
ministic Policy Gradient, Soft Actor-Critic, and multi-agent reinforcement learning, have 
been used to solve problems related to nonlinear prediction, compressor energy reduc-
tion, continuous actuator control, comfort–energy trade-off optimization, and MIMO ac-
tuator coordination. Deep RL methods such as DQN, DDPG, TD3, and SAC have been 
used to control compressor speed and blower-fan speed [81–83]. In coupled cabin–battery 
systems, RL has been used to control compressor speed and secondary-throttle-orifice 
opening to regulate both occupant-compartment temperature and battery cold-plate tem-
perature [84]. Multi-agent RL has also been used to assign separate learning agents to ac-
tuators such as the compressor and electronic expansion valve so that cabin temperature, 
subcooling, and efficiency can be optimized simultaneously [85]. 

Additionally, Chen [86] proposed a backpropagation neural network-based temper-
ature control strategy for EV heat pump air conditioning systems, in which the neural 
network directly generates control actions for the compressor and expansion valve, as 
shown in Figure 8, realizing thermal comfort by maintaining cabin temperature at the 
setpoint. By learning the nonlinear relationship between operating conditions and ther-
mal response, the controller achieved reduced temperature fluctuations and faster settling 
times across a range of operating scenarios. Moving beyond direct temperature regula-
tion, Brusey et al. [33] modeled thermal comfort using ET, formulated a thermal comfort 
control as a Markov decision process, and applied Sarsa (λ) reinforcement learning to ex-
plicitly optimize the trade-off between passenger comfort and energy consumption. 

 

Figure 8. Backpropagation neural network-based temperature control, with compressor speed and 
expansion-valve opening as manipulated variables [86]. 

Addressing the challenges in direct cooled battery–cabin integrated thermal-manage-
ment systems, Zhang et al. [84] introduced a deep reinforcement learning strategy based 
on deep deterministic policy gradient. By augmenting the battery cooling branch with a 
secondary throttle orifice, the controllability of the integrated system is improved, ena-
bling the DRL controller to effectively manage the thermal interactions that are difficult 
to handle using conventional PID-based strategies. 
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Table 1. Summary of representative control strategies for whole-cabin EV HVAC systems, including MPC, learning-based control, reinforcement learning, and 
DP-based hierarchical control, with emphasis on controlled variables, comfort modeling, solvers, and quantitative energy–comfort performance (see Appendix A 
Table A1 for the extended literature comparison). 

Ref. Control Method System 
Scope 

Planned/Controlled Varia-
bles 

Comfort Modeling Optimization/Solver Key Metrics Key Quantitative Results 

[2] Linear time-varying 
MPC 

Cabin HVAC 
Compressor, fan, electric 

heater (blower treated as dis-
turbance) 

Cabin air tempera-
ture 

Quadratic programming Temp deviation, cool-
down time, energy 

72.4% computation reduc-
tion vs. NEMPC; 69–115 s 
faster vs. RB; 3.2–15% less 

energy 

[65] Nonlinear MPC Cabin HVAC 
Blower speed, heating/cooling 

power, recirculation ratio 
Equivalent tempera-

ture (ET) 

Nonlinear programming 
(acados, direct multiple 

shooting) 

Energy use, ET devia-
tion, CO2 & humidity 
limits, fogging pre-

vention 

15.4% energy savings 
(cold); ~38–40% savings 

(hot) vs. rule-based, while 
maintaining comfort & 

safety 

[74] Two-layer MPC 
Cabin + Bat-

tery 

Evaporator temperature set-
point, blower flow rate, bat-

tery cooling fan speed 

Adaptive comfort 
temperature zone 

Nonlinear programming 
(hierarchical MPC with de-
centralized sub controllers) 

2.2–5.3% fuel savings; 
up to ~7.5% battery-
energy reduction vs. 

single-layer MPC 

2.2–5.3% fuel savings; up to 
~7.5% battery-energy re-
duction vs. single-layer 

MPC 

[86] BP Neural Network Cabin HVAC Compressor, expansion valve Cabin air tempera-
ture tracking 

- Temp fluctuation, set-
tling time 

Faster response (≈30–40% 
reduction) and reduced 

temperature fluctuation vs. 
PID  

[33] 
Reinforcement 

Learning (Sarsa(λ)) Cabin HVAC 
Vent air temperature, vent air 
flow rate, recirculation ratio 

Equivalent tempera-
ture (ET) - 

Time in comfort, 
HVAC power, aver-

age reward 

≈13% lower energy use and 
≈23% higher comfort time 

vs. next-best controller 

[87] 
Two-layer hierar-

chical control (DP + 
fuzzy PID) 

Cabin HVAC 
Planned cabin temperature 
(supervisory), compressor 

speed 

PMV-based comfort 
with learned passen-
ger thermal prefer-

ence 

Dynamic programming 
(exhaustive search) + fuzzy 

PID 

AC energy, compres-
sor speed, cabin temp 
fluctuation, operative 

temperature 

28–37% energy reduction 
vs. on–off, 5–12% vs. PID 

[88] 
Two-stage hierar-

chical control (DP + 
fuzzy PID) 

Cabin + Bat-
tery 

Planned cabin & battery tem-
peratures; compressor & 

pump speeds 

PMV-based comfort 
with passenger-pref-

erence learning 

DP (offline exhaustive 
search) + fuzzy PID 

Temp deviation, PMV 
comfort, energy use, 
battery capacity loss 

42.9% energy reduction vs. 
on–off, 18.5% vs. PID; 

21.5% battery-life improve-
ment 
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Extending learning-based control to fully integrated systems, Guo et al. [89] pro-
posed an evolutionary multi-agent deep reinforcement learning architecture that com-
bines multi-agent DDPG with the Cross-Entropy Method. In this framework, a coordina-
tion agent plans optimal temperature trajectories for the cabin and battery, while execu-
tion agents directly control compressors, blowers, pumps, fans, and valves to regulate 
cabin, battery, and motor temperatures. This hierarchical learning structure enables sim-
ultaneous optimization of temperature regulation, air conditioning efficiency, and energy 
consumption across multiple subsystems within an integrated thermal-management sys-
tem. 

These studies indicate that data-driven and learning-enhanced controllers are useful 
when cabin–HVAC dynamics are highly nonlinear, uncertain, or too high-dimensional for 
simplified physics-based control. Their strengths include nonlinear function approxima-
tion, adaptation to changing conditions, and potential integration of occupant feedback. 
However, the implementation of ML-based HVAC control is highly dependent on train-
ing-data quality, simulation fidelity, reward-function design, operating-condition cover-
age, and actuator constraints, which can limit robustness and generalization under unseen 
driving cycles, ambient conditions, and passenger preferences. 

4.1.3. Global Optimization Based on Dynamic Programming 

Dynamic programming has been widely used in EV HVAC control mainly to identify 
optimal energy–comfort trajectories over a known or statistically described driving hori-
zon to serve as a benchmark or supervisory layer for real-time control strategies. DP can 
optimize AC cooling capacity or compressor/blower commands while considering cabin 
temperature, PMV, COP, solar radiation, passenger load, and HVAC electricity consump-
tion. In stochastic formulations, solar-radiation variation and passenger-number uncer-
tainty are represented probabilistically to determine energy-efficient AC operation under 
variable thermal loads [90–92]. 

Specifically, Lahlou et al. [93] implemented dynamic programming (DP) for supervi-
sory optimization by formulating a coupled powertrain–HVAC–battery optimization 
problem in which comfort is quantified as quadratic deviation in temperature and relative 
humidity. The system computes optimal thermal comfort trajectories by optimally allo-
cating battery power between traction and air conditioning for a complete trip under 
known initial battery energy, weather conditions, and driving cycles. 

Focusing on extreme ambient operation, Lian et al. [94] applied DP to integrated EV 
thermal management under low-temperature conditions, coordinating compressor speed, 
PTC heater power, and waste-heat mode selection. In this formulation, cabin temperature 
is selected as the state variable, while energy consumption is minimized subject to the 
cabin�s temperature increase rate constraints, that is, the amount of time it takes for the 
temperature to reach the desired level in order to take cabin comfort into account. Perfor-
mance was evaluated in terms of energy use and time-to-target cabin temperature at am-
bient temperatures of −7 °C and −25 °C, demonstrating the capability of DP to identify 
globally optimal heating strategies in cold climates. 

Recognizing the impracticality of DP for real-time implementation, several studies 
have employed DP as a planning layer combined with low-level controllers. Xie et al. [87] 
proposed a two-layer eco-cooling strategy in which an upper DP-based decision layer 
plans time-varying cabin-temperature trajectories using vehicle velocity, weather infor-
mation, and passenger comfort prediction, while a lower fuzzy PID controller tracks the 
planned trajectory in real time by adjusting compressor speed as shown in Figure 9. This 
approach achieved energy reductions of up to 28.2% compared with on–off control, along 
with a significant reduction in cabin-temperature fluctuations. Similarly, Zhao et al. [88] 
proposed a two-stage control framework where a global DP planner generates optimal 
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cabin and battery temperature trajectories and fuzzy PID controllers track them with re-
duced actuator oscillations. 

 

Figure 9. Two-layered control of cabin temperature in which dynamic programming is used to pro-
vide planned cabin temperature and fuzzy PID is used in the lower layer to track the temperature 
[87]. 

In a related benchmarking study, Cvok et al. [92] proposed a hierarchical thermal 
comfort control system consisting of low-level feedback controllers, an optimization-
based control-allocation algorithm for setting references for the low-level controllers, and 
a superimposed cabin-temperature controller that commands cooling capacity to the allo-
cation algorithm. The strategy was then compared with DP-based globally optimal con-
trol-trajectory results, showing that comparable performance can be achieved through ap-
propriate controller tuning. 

In general, the main advantage of DP in EV cabin thermal management is not direct 
real-time implementation, but the generation of globally optimal trajectories that can be 
used as benchmarks or supervisory references for implementable controllers. This is par-
ticularly relevant for local–global thermal management because DP can quantify the the-
oretically optimal allocation between compressor power, cabin-temperature trajectory, 
and localized actuator use over a known driving cycle. 

4.2. Integrated Local–Global Thermal Actuator Control System 

Studies consistently show that localized actuators can reduce whole-cabin HVAC de-
mand by directly conditioning thermally sensitive body regions. For instance, heated-seat 
and foot-heater studies reported heater-energy reductions of about 15% for seat heating, 
10% for foot heating, and 25% when both were combined at 0 °C [95]. Thermoelectric lo-
calized heating/cooling systems also achieved equivalent comfort at relaxed cabin set-
points, with reported heating- and cooling-power reductions of approximately 37.7% and 
36.7%, respectively [21]. Zonal heating strategies using local devices such as heated seats, 
steering wheels, and floor mats showed about 28.5% [96] heating-energy reduction, while 
more advanced local–global systems using radiant panels, or microclimate devices 
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reported 20–30% power reduction [22,27] and up to 45.3% cold-condition energy savings 
[28] compared with HVAC-only operation. These results suggest that whole-cabin ad-
vanced control improves energy efficiency by optimizing global HVAC operation, 
whereas local–global control can provide additional savings by reducing the thermal load 
that must be supplied to the entire cabin. 

However, the literature shows that local actuators have mainly been studied through 
comfort assessment, actuator development, numerical analysis, and predefined operat-
ing-case evaluation rather than through fully integrated local–global control frameworks. 
Experimental comfort and physiological assessments have been used to evaluate heated 
seats, foot heaters, local warmers, radiant heating, and personal comfort systems 
[26,28,95,97]. In parallel, actuator-design and hardware-performance studies have focused 
on developing and testing localized thermal devices [22,98–100]. Numerical and CFD-
based studies have also been used to optimize local airflow, seat ventilation/heating, vent 
arrangement, and non-isothermal jet supply [21,24,24,46]. Other studies used predefined 
operating modes or case-based comparisons [20,26,28,101]. These studies confirm the 
comfort and energy-saving potential of local actuators, but they also show that localized 
systems are still commonly treated as hardware, comfort-evaluation, or operating-mode 
studies rather than as explicit manipulated variables in real-time integrated local–global 
HVAC control. However, only limited studies, that are summarized in Table 2, have 
jointly controlled both local and global heating or cooling systems. 

One of the earliest system-level studies was conducted by Steiner et al. [102], where 
a comparative energy–comfort analysis was carried out using different case studies of lo-
calized actuators, namely a smart seat heater and a radiant panel, combined with a heat 
pump. Fuzzy logic adaptive control was applied to regulate the system using PMV-based 
comfort feedback. The results showed that 75 W applied to the smart seat allowed the 
cabin air temperature to be reduced by 7 K while maintaining the same passenger comfort, 
while 100 W of radiant-panel power allowed a 3 K reduction under quasi-static heating 
conditions. At the vehicle level, combining the heat pump, seat heating, and panel heating 
reduced average electric power for cabin heating from 3.51 kW to 0.83 kW at 0 °C, corre-
sponding to a 76% reduction relative to PTC heating. However, the paper mainly evalu-
ates preselected operating cases rather than a full closed-loop local–global supervisory 
controller. 

Kipp et al. [103] presented offline AI-based optimization of cabin thermal manage-
ment, where conventional HVAC is supplemented by radiant heaters. Equivalent temper-
ature was used as an objective thermal comfort metric, and ET for 16 body regions was 
predicted by a trained extreme gradient boosting (XGBoost) model. The actuator set con-
sists of nine independently controlled radiant heating panels and adjustable convective 
outlets. Shapley Additive Explanations (SHAP) were used to identify which HVAC vari-
ables most influenced ET; airflow temperature was dominant, followed by upper-body 
radiant panels such as the front window, upper dashboard, and headliner, while footwell 
and door panels primarily affected extremities. The optimized configurations maintained 
at least 50% of local body regions and 100% of upper/lower averaged regions in the neutral 
zone and reduced power demand by up to 240 W relative to convection-heavy strategies. 

Dvorak et al. [104], approached local–global control from a human–machine interface 
(HMI) perspective. The demonstrator EV uses an AC system for cabin heating/cooling and 
IRPs for heating specific cabin areas, while the HMI allows users to provide thermal com-
fort feedback and the operating strategy calculates target cabin-air and panel tempera-
tures from that feedback. For passenger safety, the panel temperature was limited to 60 
°C, although the infrared radiant panels (IRPs) were designed for up to 80 °C. The results 
showed that the demonstrator increased the maximum range from 64 km to 86.8 km at 
−10 °C and from 137 km to 140 km at 40 °C compared with the baseline vehicle, while final 



Energies 2026, 19, 3053 18 of 32 
 

https://doi.org/10.3390/en19133053 

thermal comfort was rated comfortable and acceptable in both winter and summer 
weather conditions. This study demonstrates a practical local–global architecture and pas-
senger-level setpoint logic, but it relies on user feedback rather than an automatic comfort 
observer. 

Cvok et al. [105] extended this idea into a formal integrated control-allocation prob-
lem by using a driver-side IRP system, consisting of two IRP clusters corresponding to the 
driver�s head/chest and legs, combined with the global HVAC system. The control tech-
nique has two branches: a multi-objective genetic algorithm is used offline to generate 
optimal control-input allocation maps, and a hierarchical HVAC controller is extended 
with a proportional PMV feedback controller that commands the IRP control channel. The 
optimization minimizes total power consumption and the absolute value of the driver�s 
mean PMV. Under steady-state conditions at an ambient temperature of −10 °C, IRP heat-
ing enabled a roughly 300–400 W, or 26–32%, power reduction while maintaining comfort. 

However, PMV requires iterative nonlinear computation and Cvok et al. [106] di-
rectly addressed this key limitation of the real-time PMV-based IRP controller by propos-
ing ANN-predicted PMV. The IRP system used in this study is organized into clusters, 
and the control strategy uses local PMV feedback to regulate IRP panel groups while de-
coupling IRP heating from the convective heat pump-based HVAC system. In simulation, 
the ANN-predicted PMV closely tracked ideal model PMV, with small delays caused by 
air temperature sensor dynamics. Hardware testing showed that all six ANN observers 
ran within a 10 ms sampling period, required less than 3% of ECU resources, and executed 
within about 200 µs, supporting feasibility for production vehicle controllers. This work 
bridges simulation-based PMV control and real-time implementable local IRP feedback 
control. 

A more human-centric microclimate control architecture was presented by Tiwari et 
al. [107] with heated/cooled seats, a heated steering wheel, a neck warmer, footwell heat-
ing, and central HVAC systems. A model-based predictive control technique was used for 
the microclimate system, while the human thermal state was represented by overall ther-
mal sensation (OTS), which was inferred from occupant heat-transfer rates and anthropo-
metric characteristics by dynamically estimating zonal heat-transfer rates using conduc-
tive, convective, and radiative heat-transfer models. Verification was conducted using 
both objective methods, based on a TAITherm human thermal model, and subjective 
methods, in which participants reported overall thermal sensation every 3–5 min. The 
controller was reported to drive the devices to the desired OTS target of ±0.5 across −18 
°C to +43 °C ambient conditions, and energy savings of up to 48–74% in cold conditions 
and 17–36% in hot conditions were achieved relative to HVAC-only operation. Addition-
ally, subjective winter rides showed that 90% of subjects maintained comfort and that time 
to comfort was improved by 2–7 min. 

Overall, integrated local–global thermal actuator control remains less mature than 
whole-cabin HVAC control. The reviewed studies demonstrate that localized actuators 
can reduce global HVAC demand and improve time to comfort, especially under heating 
conditions. However, the control problem is more complex than conventional cabin-tem-
perature regulation because the controller must estimate non-uniform occupant comfort, 
allocate energy between global and local actuators, enforce safety limits for contact and 
radiant heating, and manage different actuator time scales. Existing studies provide prom-
ising demonstrations through HMI-based control, offline optimization, PMV feedback, 
ANN-based observers, and model-based microclimate control, but few studies present a 
fully integrated, real-time, experimentally validated supervisory controller for simultane-
ous HVAC and localized actuator coordination. 
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Table 2. Control-oriented comparison of integrated local–global EV cabin thermal-management studies, showing how whole-cabin HVAC variables and localized 
actuators are coordinated through comfort feedback, supervisory logic, optimization, or learning-based observers. 

Ref. Control Method Integrated System 
Scope 

Global HVAC Variables Comfort Feed-
back/Model 

Coordination Strategy Key Quantitative Results 

[102] 
Fuzzy PID only for HP + differ-
ent local actuator combination 
cases 

HP + smart seat + 
radiant panels 

Cabin target air temperature, 
HP power PMV = 0 constraint 

Local heating reduces re-
quired cabin air tempera-
ture 

Up to 76% lower heating 
power at 0 °C vs. PTC 

[105] 
GA-based allocation + hierar-
chical control + proportional con-
trol 

HVAC + IRPs 
Inlet-air temperature, 
blower/radiator flow, pump 
speeds 

PMV feedback 
Allocation maps + PMV-
based IRP control 

20–30% typical power re-
duction; 36% faster com-
fort response 

[104] HMI-based operating strategy HVAC + IRPs Target cabin air temperature User comfort feedback Minimum cabin target + 
IRP compensation 

Range 64 → 86.8 km at −10 
°C 

[107] PID/model-based control HVAC + microcli-
mate devices 

Central HVAC support OTS from heat-transfer 
estimation 

Controller drives lo-
cal/global devices to target 
OTS 

48–74% cold energy sav-
ings; 2–7 min faster com-
fort 

[106] 
ANN local PMV observer + pro-
portional IRP control HVAC + IRP  

Cabin T/RH, inlet T, blower 
flow 

ANN-estimated local 
PMV 

Real-time local PMV feed-
back for IRPs <3% VCU processing load  

[103] AI-based setpoint optimization HVAC + radiant 
panels 

Airflow temperature, 
fan/damper settings ET for 16 body regions ML search for comfort-fea-

sible low-power settings Up to 240 W power saving 
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4.3. Limitation of the Present Review 

One limitation of the present review is that it focuses mainly on the technical and 
control-oriented aspects of EV cabin air conditioning systems, including control architec-
ture, thermal comfort modeling, energy-efficiency improvement, actuator coordination, 
and real-time feasibility. Therefore, the cost implications of the reviewed methods were 
not analyzed in detail. Although vehicle-level cost is important for practical adoption, a 
consistent techno-economic comparison is difficult because many advanced methods, in-
cluding integrated local–global thermal actuator control, human-centric comfort observ-
ers, vision-based sensing, and learning-enhanced control, are still at the simulation, pro-
totype, or early demonstration stage. Consequently, publicly available data on manufac-
turing cost, vehicle price impact, service cost, calibration cost, and lifetime operating costs 
remain limited and inconsistent across studies. 

5. Conclusions 
This review studied advanced control strategies for energy-efficient EV cabin thermal 

management, with specific attention to the distinction between whole-cabin HVAC con-
trol and integrated local–global thermal actuator control. According to the examined lit-
erature, whole-cabin EV HVAC control is comparatively mature. MPC has become one of 
the most broadly considered approaches because of its ability to handle multivariable dy-
namics, actuator constraints, disturbance preview, and energy–comfort trade-offs. Linear 
and hierarchical MPC systems enhance real-time feasibility, while nonlinear MPC cap-
tures coupled thermal dynamics more accurately at the cost of higher computational de-
mand. DP is mostly used as an offline global optimization target or supervisory planning 
tool, whereas reinforcement learning and learning-enhanced approaches are increasingly 
studied for nonlinear and multi-agent thermal-management problems. 

The review also indicates that comfort models are used in controllers at different lev-
els of complexity. Some studies use cabin air temperature as a simplified comfort-related 
controlled variable, while others incorporate PMV, equivalent temperature, adaptive 
comfort zones, or thermal sensation as objective-function terms, constraints, reward com-
ponents, or feedback variables. This shows that thermal comfort models are increasingly 
becoming part of the control formulation rather than only a post-processing evaluation 
tool. 

Integrated local–global control remains less mature than whole-cabin HVAC control. 
Recent studies have utilized strategies such as fuzzy comfort control, HMI-based systems, 
hierarchical control allocation, model predictive control, AI-based optimization, and ML-
based local comfort observers. According to these studies, localized actuators can reduce 
energy consumption and enhance transient comfort when coordinated with global HVAC 
operation. However, the literature remains limited, and most existing studies focus on 
specific case studies of actuator combinations and offline optimization, rather than a fully 
unified framework that jointly optimizes global HVAC and multiple localized actuators 
under comfort, safety, air-quality, visibility, and traction-battery constraints. 

From an automotive industry perspective, these developments are important be-
cause they support the transition from conventional fixed-setpoint cabin-temperature 
control toward predictive, occupant-aware, and energy-adaptive thermal management. 
Such a transition can improve current vehicles by reducing auxiliary HVAC power de-
mand, preserving driving range, and improving transient thermal comfort. 
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6. Recommendation for Further Study Directions 
Future research on EV cabin thermal-management control should move beyond op-

timized whole-cabin HVAC regulation toward integrated local–global control. Existing 
studies have shown that MPC, dynamic programming, and data-driven controllers can 
reduce HVAC energy consumption while maintaining cabin-level comfort. However, the 
next research challenge is to develop unified supervisory frameworks that dynamically 
allocate heating or cooling demand between whole-cabin air conditioning and localized 
actuators such as heated seats, ventilated seats, radiant panels, foot heaters, or personal-
ized air jets. This allocation should depend on ambient conditions, cabin thermal state, 
occupant distribution, actuator availability, comfort demand, and traction-battery-energy 
constraints. 

A key challenge in this transition is real-time occupant-state estimation. Whole-cabin 
HVAC control can often rely on cabin air temperature, humidity, solar load, and vehicle 
operating data, whereas local–global control requires information about the occupant�s 
localized thermal state. Direct measurement of local skin temperature, segmental air ve-
locity, radiant exposure, clothing insulation, posture, and local discomfort is difficult in 
production vehicles. Therefore, practical local–global control will require soft sensors and 
surrogate comfort observers. These observers may combine sparse cabin-temperature and 
humidity sensors, infrared or RGB camera data, seat-pressure distribution, radiant-panel 
temperature, occupant posture, and historical comfort preference with data-driven, phys-
ics-informed, or hybrid comfort models to estimate local thermal sensation, overall ther-
mal sensation, local discomfort, or equivalent temperature. 

The main limitation of these observers is robustness. Vision-based and thermal-cam-
era systems can be affected by lighting, obstruction, clothing, sensor placement, and oc-
cupant posture, while purely data-driven models may fail under unusual occupant be-
havior, unseen cabin layouts, or untrained ambient conditions. Therefore, future occu-
pant-centric HVAC control should prioritize hybrid observer structures that combine 
physical sensing, reduced-order thermal models, and data-driven estimation. These ob-
servers must also be computationally lightweight enough for automotive ECUs, reliable 
enough for closed-loop control, and accurate enough to support safe control of localized 
actuators. Based on these challenges, future work should address the following research 
directions. 

1. Optimal local–global energy allocation and energy-saving differential: What fraction 
of the heating or cooling load should be supplied by localized actuators, and how 
much additional HVAC energy reduction can integrated local–global control achieve 
compared with optimized whole-cabin-only control? 

2. Comfort-observer accuracy: How can real-time comfort observers estimate local ther-
mal sensation, overall thermal sensation, or equivalent temperature within accepta-
ble error under transient and non-uniform EV cabin conditions? 

3. Real-time control feasibility: How can local–global MPC or learning-assisted predic-
tive control solve the supervisory energy-allocation problem within a practical con-
trol interval on an automotive ECU, and how can such controllers benefit from 
emerging techniques such as vehicular edge computing and resource allocation 
[108]? 

4. Safety-constrained local heating: How should safety constraints be imposed on con-
tact and radiant heaters to achieve rapid comfort response without discomfort or 
burn risk? 

5. Production-level cost–benefit: What is the minimum energy-saving or driving-range 
improvement required for localized actuators, additional sensors, comfort observers, 
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and supervisory controllers to justify their added cost and complexity in production 
EVs? 
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Appendix A 

Table A1. Summary of selected control techniques applied to electric vehicles. 

Reference Control Method System Scope 
Controlled Varia-

bles Models Used 
Comfort Mod-

eling 
Disturbance/Pre-

view 
Optimiza-
tion/Solver Key Metrics 

Key Quantitative 
Results 

[2] Linear time-vary-
ing MPC Cabin HVAC 

Compressor, fan, 
electric heater 

(blower treated as 
disturbance) 

Simplified cabin & 
HVAC models 

Cabin air tem-
perature Driving speed  Quadratic pro-

gramming 

Temp devia-
tion, cool-down 

time, energy 

72.4% computation 
reduction vs. 

NEMPC; 69–115 s 
faster vs. RB; 3.2–
15% less energy 

[4] Linear quadratic 
MPC 

Cabin HVAC 
(heating & 
cooling, air 

quality) 

Recirculation rate, 
blower mass flow, 

heating/cooling 
power 

Low-order cabin & 
HVAC + PMV 

Extended 
Fanger PMV 

Solar load (pre-
view), ambient 

temperature, pas-
senger count, am-

bient humidity 

Quadratic pro-
gramming 
(qpOASES) 

Comfort enve-
lope, air qual-

ity, safety 

Comparable com-
fort & energy per-

formance to nonlin-
ear MPC with dras-
tically reduced com-

putation time; 

[59] Nonlinear MPC 
Cabin + Bat-
tery + Power 

train 

Supply air temp, 
coil loads, airflow, 
recirculation ratio 

HVAC thermody-
namics, battery deg-
radation, powertrain 

Cabin air tem-
perature 

Driving route & 
motor power pre-

view, ambient 
temperature, so-

lar load 

Sequential Quad-
ratic Program-
ming (fmincon) 

SoH degrada-
tion, energy, 
temperature 

deviation 

Up to 13.2% battery 
lifetime improve-

ment and 14.4% en-
ergy reduction vs. 

fuzzy control 

[65] Nonlinear MPC Cabin HVAC 

Blower speed, 
heating/cooling 

power, recircula-
tion ratio 

Physics-based non-
linear cabin, HVAC, 

CO2, humidity & 
windshield models 

Equivalent tem-
perature (ET) 

Ambient temper-
ature, solar radia-

tion, humidity, 
passenger heat & 

CO2 

Nonlinear pro-
gramming (aca-

dos, direct multi-
ple shooting) 

Energy use, ET 
deviation, CO2 

& humidity 
limits, fogging 

prevention 

15.4% energy sav-
ings (cold); ~38–40% 

savings (hot) vs. 
rule-based, while 

maintaining comfort 
& safety 

[60] Nonlinear MPC Cabin HVAC 
Inlet-air temp, air 

mass flow 
Nonlinear cabin, 

HVAC 
Predicted mean 

vote (PMV) 

Ambient temper-
ature, vehicle 

speed, solar radi-
ation, metabolic 
load (preview) 

Nonlinear pro-
gramming 
(CasADi + 

IPOPT) 

Energy use, 
PMV discom-
fort indices, 
temperature 

tracking error, 
COP 

Up to 37% reduction 
in PMV discomfort 

and ~5% energy 
savings vs. hierar-

chical control  
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[3] Nonlinear MPC Cabin + Bat-
tery 

Compressor 
speed, cabin EEV 
opening, battery 

EEV opening 

NARX-RNN control-
oriented models 

trained from Model-
ica ITMS simulations 

Cabin supply-
air temperature 

constraint 

Battery cooling 
load preview 

from driving cy-
cle 

Nonlinear pro-
gramming 

COP, battery 
temperature, 

superheat, 
cabin tempera-

ture  

COP improved from 
~3.11 to ~3.46 while 
maintaining battery 
temperature (RMSE 

≈ 0.4 °C) 

[63] Nonlinear MPC 
Cabin + Bat-

tery 

Compressor 
speed, coolant-

flow rates, blower 
flow rate 

Heat pump, cabin, 
battery, vehicle en-

ergy models 

Cabin air tem-
perature con-

straints 
Traction, power 

Nonlinear pro-
gramming, DP 
used as global 

benchmark 

Energy, tem-
perature devia-

tion, range 

NMPC achieves 
near-optimal driv-
ing range close to 

DP 

[74] Two-layer MPC Cabin + Bat-
tery 

Evaporator tem-
perature setpoint, 
blower flow rate, 

battery cooling fan 
speed 

Cabin, battery, 
HVAC, powertrain 

Adaptive com-
fort temperature 

zone 

Vehicle-speed 
preview (V2X + 

traffic flow), am-
bient conditions 

Nonlinear pro-
gramming (hier-

archical MPC 
with decentral-

ized sub control-
lers) 

2.2–5.3% fuel 
savings; up to 
~7.5% battery-
energy reduc-
tion vs. single-

layer MPC 

2.2–5.3% fuel sav-
ings; up to ~7.5% 
battery-energy re-
duction vs. single-

layer MPC 

[75] 
Supervisory MPC 

+ NN + PI Cabin + BTMS 
AC cooling capac-
ity, BTMS airflow 

rate 

Battery electro-ther-
mal, NN-based 

BTMS, cabin ther-
mal, AC COP & ve-
hicle energy models 

Cabin air tem-
perature track-

ing 

Driving cycle, re-
generative power, 

auxiliary loads 
PSO-based MPC 

Recharging en-
ergy, total en-
ergy use, SoC, 
battery & cabin 
temperatures 

4.3% reduction in 
recharging energy 
and 6.5% reduction 
in total energy vs. 

no energy manage-
ment 

[86] BP neural network Cabin HVAC 
Compressor, ex-

pansion valve 
Data-driven BP neu-

ral network 

Cabin air tem-
perature track-

ing 
- - 

Temp fluctua-
tion, settling 

time 

Faster response 
(≈30–40% reduction) 

and reduced tem-
perature fluctuation 

vs. PID  

[33] Reinforcement 
learning (Sarsa(λ)) 

Cabin HVAC 

Vent air tempera-
ture, vent air flow 
rate, recirculation 

ratio 

- Equivalent tem-
perature (ET) 

- - 

Time in com-
fort, HVAC 

power, average 
reward 

≈13% lower energy 
use and ≈23% 

higher comfort time 
vs. next-best con-

troller 

[84] Reinforcement 
learning (DDPG) 

Cabin + Di-
rect-Cooled 

Battery 

Compressor 
speed, secondary 

throttle orifice 
- 

Cabin air tem-
perature track-

ing 

Vehicle speed, 
ambient tempera-

ture, solar 
- 

Cabin & cold-
plate temp de-

viation, 

5.7% (constant 
speed) and 7.3% 
(NEDC) lower 
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radiation, passen-
ger heat (no pre-

view) 

superheat sta-
bility, energy 

compressor energy 
vs. PID; smoother 
compressor opera-

tion 

[89] Multi-agent DRL 
(CEM-MADDPG) 

Cabin + Bat-
tery + Motor 

Compressor, 
blower, fan, bat-

tery & motor 
pumps, valve posi-
tions, target tem-
perature adjust-

ment 

- 
Cabin air tem-
perature track-

ing 

Vehicle speed, 
ambient tempera-
ture, solar radia-
tion, passenger 

load (no preview) 

 
Temp MAE, 

ITMS energy, 
compressor & 
blower power 

19.8% energy reduc-
tion vs. rule-based, 
14.6% vs. DDPG, 

7.2% vs. MPC; im-
proved actuator effi-

ciency 

[93] 
Dynamic pro-
gramming (of-

fline) 

Cabin HVAC 
+ EV Energy 
System (su-
pervisory) 

Supply/evaporator 
air temperature 

Cabin temp & hu-
midity, HVAC 

power, powertrain 
and battery-energy 

models 

Quadratic dis-
comfort index 
based on cabin 

temperature 
and relative hu-

midity 

Full trip preview 
(driving cycle, 

ambient T & RH, 
solar) 

Dynamic Pro-
gramming (global 

optimization) 

Thermal dis-
comfort, 

HVAC energy, 
traction energy, 
remaining SOE 

DP reveals Pareto-
optimal comfort–en-
ergy trade-off; dis-
comfort reduced 
from ≈4.0 to ≈2.2 

with ≈200 Wh extra 
HVAC energy 

[94] 
Dynamic pro-

gramming (for-
ward, offline) 

Cabin + Bat-
tery + Motor 

Compressor 
speed, PTC power, 
waste-heat mode 

High-fidelity phys-
ics-based cabin, bat-
tery, motor & heat 

pump models 
(AmeSim–Simulink) 

Cabin-tempera-
ture rise-rate 

constraint 

Full CLTC driv-
ing-cycle and am-

bient preview 

Dynamic Pro-
gramming (global 

optimization) 

Battery energy, 
energy per 100 
km, cabin tem-

perature 

6.8% energy reduc-
tion at −7 °C and 
2.8% at −25 °C vs. 
rule-based while 
meeting comfort 

constraints 

[87] 
Two-layer hierar-
chical control (DP 

+ fuzzy PID) 
Cabin HVAC 

Planned cabin 
temperature (su-
pervisory), com-

pressor speed 

Physics-based cabin 
thermal + AC cycle 

model 

PMV-based 
comfort with 

learned passen-
ger thermal 
preference 

Vehicle speed, 
ambient tempera-
ture, solar radia-
tion, passenger 

preference 

Dynamic pro-
gramming (ex-

haustive search) + 
fuzzy PID 

AC energy, 
compressor 
speed, cabin 
temp fluctua-
tion, operative 
temperature 

28–37% energy re-
duction vs. on–off, 

5–12% vs. PID 

[88] 
Two-stage hierar-
chical control (DP 

+ fuzzy PID) 

Cabin + Bat-
tery 

Planned cabin & 
battery tempera-

tures; compressor 
& pump speeds 

Physics-based AC–
cabin + battery 

thermo-electro-aging 
models 

PMV-based 
comfort with 

passenger-pref-
erence learning 

Vehicle speed, 
weather, passen-
ger traits, battery 

DP (offline ex-
haustive search) + 

fuzzy PID 

Temp devia-
tion, PMV com-

fort, energy 

42.9% energy reduc-
tion vs. on–off, 

18.5% vs. PID; 21.5% 
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condition (pre-
view) 

use, battery ca-
pacity loss 

battery-life im-
provement 

[92] 
DP benchmark + 
hierarchical cas-

cade control 
Cabin HVAC 

Compressor 
speed, evaporator 
air mass flow (su-
pervisory); evapo-
rator outlet temp 

& superheat (inner 
loops) 

Control-oriented 
HVAC (moving-

boundary) + lumped 
cabin thermal model 

with PMV maps 

PMV-based 
comfort 

Ambient temper-
ature, solar radia-

tion, vehicle 
speed (offline DP) 

Dynamic pro-
gramming (of-

fline) + online op-
timization-based 
control allocation 

Energy use, 
PMV comfort 
indices, COP, 

temperature re-
sponse 

Hierarchical con-
troller approaches 

DP optimum; up to 
~25% energy reduc-
tion or ~30% com-
fort improvement 
depending on tun-

ing 
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