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HIGHLIGHTS

+ 16-zone steady-state ., dataset for a Level-4 cabin at 10/ + 16/ +28 °C.

« Forward surrogates predict 16 segmental 7, values from scenario and actuator settings.

+ XGBoost and Random Forest outperform a linear baseline in pooled intra-scenario validation.
« Noise and LOSO tests show strong interpolation but limited climate extrapolation.

ARTICLE INFO ABSTRACT

Keywords: Thermal management in battery-electric Level-4 cabins must balance local thermal comfort against HVAC elec-
Equivalent temperature trical power and the resulting range penalty. This study develops and evaluates a data-driven framework for
DIN EN ISO 14,505-2 comfort-oriented and energy-aware steady-state setpoint selection for a hybrid convective-radiant HVAC con-

Steady-state setpoint selection

Hybrid HVAC cept. A vehicle-like mock-up in a climate chamber is instrumented with a 16-zone segmented thermal manikin
ybri

. . to measure stationary local equivalent temperatures 7., according to DIN EN ISO 14,505-2 under three ambient
Machine-learning surrogate X R 4 e .
Energy optimization scenarios (—10 °C, +16 °C, +28 °C), two seating postures, and three air-distribution concepts. Based on the re-
Electric-vehicle range sulting steady-state dataset, forward multi-output surrogate models are trained to predict the 16 segmental 7,
values from boundary conditions and actuator settings, using a linear regression baseline and ensemble methods
(Random Forest, XGBoost). On the pooled dataset with intra-scenario 5-fold cross-validation, XGBoost achieves a
mean R? = (0.978 and a mean MAE = 0.856 K across the 16 targets, outperforming the linear baseline (R?> = 0.872,
MAE = 2.248 K). Scenario-level extrapolation remains limited in a leave-one-scenario-out stress test, indicating
that explicit climate coverage is required for deployment beyond the represented operating space. The trained
surrogate is embedded in a constrained search over the admissible actuation space to identify comfort-feasible
setpoints within the Nilsson neutrality bands with minimum electrical HVAC power, computed from a convec-
tive energy balance with scenario-dependent COP and measured radiant-panel power. Validation experiments
confirm near-neutral comfort in winter and summer. At +16 °C, radiant support yields only marginal comfort
changes but increases electrical HVAC power from about 0.5 kW in convection-only operation to about 2.1 kW in
hybrid operation, causing an estimated WLTP range penalty of roughly 15-17% in the considered reference cycle.
The contribution of the present study is therefore limited to steady-state comfort-constrained setpoint selection
and actuator prioritization within the measured operating space and does not extend to broadly generalizable
real-time HVAC control.

1. Introduction combination changes the role of the vehicle cabin. In SAE Level 4 ve-
hicles, automated driving enables Non-Driving Related Tasks (NDRTs)

The automotive sector is undergoing two major transitions: highly . . .
such as working, relaxing, or sleeping, and occupants are no longer

automated driving and the electrification of the powertrain. Their
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restricted to a fixed driver-oriented posture [32,56]. Instead, posture
changes and more relaxed seating configurations become part of the in-
tended use case. These changes modify local heat exchange at the body
and may also affect metabolic rate depending on the activity and seating
configuration [23,42]. Level 4 automation therefore increases the rele-
vance of spatially non-uniform thermal conditions and local discomfort
risks. As a result, HVAC decisions in such cabins should be justified at
segment level rather than by uniform bulk-air targets alone.

This challenge is particularly important in battery-electric vehicles
(BEVs). In contrast to vehicles with internal combustion engines, BEVs
cannot rely on abundant waste heat for cabin conditioning. Heating,
Ventilation, and Air Conditioning (HVAC) must instead draw energy di-
rectly from the traction battery [54,59]. Under cold, hot, or otherwise
demanding boundary conditions, HVAC can become a major auxiliary
load and can reduce driving range substantially if not managed ef-
ficiently [25,41]. This creates a direct engineering trade-off between
maintaining thermally neutral conditions for relaxed occupants and
minimizing electrical power consumption.

Conventional automotive HVAC control is not well suited to this
setting. Standard strategies are typically centered on cabin air temper-
ature and were developed for a largely static, driver-focused seating
arrangement. Such approaches do not adequately resolve spatial gra-
dients, stratification, and local exposures that become more relevant
in flexible Level 4 interiors [3,13]. For non-uniform environments,
DIN EN ISO 14,505-2 recommends the equivalent temperature (tq) as
an integrative measure that reflects both convective and radiative heat
exchange [14,38]. Segment-resolved 7., therefore provides a suitable ba-
sis for objective comfort assessment and for control decisions that must
satisfy local comfort constraints.

Hybrid HVAC concepts that combine convective air supply with near-
field radiant elements, such as infrared (IR) panels, are a promising
response to this challenge [4,30]. They can improve local comfort in
cold conditions, but they also introduce additional actuators and in-
teractions across ambient scenarios, postures, and body regions. The
scientific problem is therefore not merely to combine machine learning
with HVAC control. Rather, the key task is to identify which actua-
tor combinations can satisfy segment-level comfort constraints while
minimizing electrical HVAC power in a reproducible and computation-
ally efficient way. Data-driven surrogate models are a practical option
for this purpose because they can approximate the non-linear mapping
from boundary conditions and actuator settings to resulting local ther-
mal states and can therefore support fast evaluation of comfort-feasible
operating points [46,57].

Against this background, the present study develops a data-driven
framework for comfort-constrained and energy-aware steady-state set-
point selection in a Level 4 battery-electric cabin with a hybrid
convective-radiant HVAC concept. A climate-chamber dataset is gener-
ated with a segmented 16-zone thermal manikin under three ambient
scenarios (—10 °C, +16 °C, and +28 °C), two seating postures rep-
resenting a more upright and a more relaxed Level 4 use case, and
three air-distribution concepts. For each operating point, stationary
segmental t,, values are derived according to DIN EN ISO 14,505-2
and related to the Nilsson comfort zones. Forward multi-output sur-
rogate models are then trained to predict the 16 segmental ., values
from scenario descriptors and actuator settings. These models are sub-
sequently used within a constrained search to identify comfort-feasible
operating points with minimum electrical HVAC power. The study is
explicitly framed as a steady-state sizing and setpoint-selection investi-
gation within the measured operating space rather than as a transient
cabin-control study. The resulting framework is positioned as a scenario-
specific setpoint-selection and design-support tool whose purpose is
to identify comfort-feasible operating points and actuator-prioritization
rules under fixed boundary conditions, not to validate a real-time con-
troller for arbitrary cabin dynamics. Within this scope, machine learning
is employed as a compact surrogate for rapid evaluation of candidate op-
erating points in a mixed discrete-continuous actuator space, motivated
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by the non-linear actuator interactions that a linear formulation cannot
represent with sufficient accuracy for segment-level constraint checking.
The specific objectives and contributions of this work are as follows:

Dataset generation: A reproducible steady - state dataset is es-
tablished for a Level 4 cabin mock-up that links ambient scenario,
seating posture, air-distribution concept, and hybrid HVAC actua-
tion to segmented 7., targets across sixteen body zones.

Forward surrogate modeling: Multi-output surrogate regressors
are developed to predict the 16 stationary segmental 7., values
from boundary conditions and actuator settings. Their performance
is assessed against a linear regression baseline and complemented
by robustness analyses to separate interpolation capability from
extrapolation limits.

Energy-comfort analysis: The comfort-power trade-off of hybrid
convective-radiant operation is quantified across winter, transi-
tional, and summer conditions, with particular attention to operat-
ing regions in which radiant support yields only marginal comfort
benefits but substantial electrical power penalties.

Actuator prioritization rules: Control-relevant design guidelines
are derived for the prioritization of convective and radiant ac-
tuation under segment-level comfort constraints, including the
identification of conditions in which lower-body radiant support
is beneficial and conditions in which convection-dominated oper-
ation is preferable.

The results provide a basis for energy-aware HVAC setpoint strate-
gies in future automated BEV cabins by combining segmented comfort
constraints, steady-state surrogate evaluation, and explicit consideration
of robustness and scope limits.

2. State of the art

The transition toward battery electric vehicles (BEVs) and SAE Level-
4 automation requires HVAC concepts that can maintain local thermal
comfort under strict energy constraints. Conventional automotive cli-
mate control was developed mainly for a single, upright driving posture
and for largely uniform air-temperature targets. In contrast, Level-4 cab-
ins enable posture changes and Non-Driving Related Tasks (NDRTS),
which increase spatial non-uniformity and the relevance of actuator-
selective conditioning. This section therefore reviews (i) HVAC concepts
for electric and automated vehicles with emphasis on hybrid and radiant
solutions, (ii) objective and subjective approaches for thermal com-
fort assessment in non-uniform cabins, and (iii) data-driven prediction
methods that support control-oriented evaluation.

2.1. HVAC concepts in electric and automated vehicles

Early studies on BEV HVAC systems showed that directly transfer-
ring conventional air-based heating concepts to electric vehicles can
cause substantial range penalties in cold ambient conditions [29]. This
motivated approaches that reduce the need for bulk-air heating and in-
stead deliver heat closer to the occupant. Conductive seat systems are a
prominent example, as direct seat-based conditioning can improve ther-
mal comfort in cool environments and reduce HVAC energy demand
compared with air-only conditioning. Human-subject studies reported
improved comfort in cool environments, but also pointed to the risk of
local overheating at elevated setpoints [9,40].

To address local discomfort while preserving flexibility for changing
postures and cabin layouts, more recent concepts combine convective
airflow with additional local actuators such as conductive or radiant
elements. Systems with side-panel heating or steering-wheel heating
can improve post-entry comfort distribution under cold conditions [53].
Hybrid configurations that integrate radiant, convective, and conductive
components have also been investigated for winter operation and can
reduce heating energy while maintaining whole-body comfort, depend-
ing on the boundary conditions and control strategy [51]. Reviews and
comparative studies further show that the efficiency and range impact
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Table 1

Overview of HVAC concepts for electric vehicles and their main characteristics.

Main characteristics

Reference System focus

Konz et al. [29]  Conventional
convective air
system

Brooks and
Parsons [9]

Experimental con-
ductive seat heating
(subjects)

Seat heating
(human-subject

Oi et al. [40]

study)
Schmidt et al. Convective ventila-
[531] tion with side-panel
and steering-wheel
heating
Sasaki and Hybrid radiant-
Sakamoto [51]  convective-conductive
heating
Kang and Lee Review of automo-
[26] tive HVAC systems
for EVs

Frohner et al. Novel heating
[19] concept for BEVs

Al Faruque and  Control-oriented
Vatanparvar modeling of EV
[2] HVAC systems

Kruppok et al. 5-zone cabin model
[31] for BEV HVAC
evaluation

Gis et al. [20] Efficiency of EV
interior heating

systems

Ramsey et al. Simulation of EV

[47] range impact due to
cabin heating

Cvok et al. [12]  Optimal control of

EV HVAC for range

extension

Lahlou et al. Co-management of
[34] thermal comfort and
EV driving range

High heating load, driving-range re-
duction reported up to 50% under cold
ambient conditions.

Improved overall comfort in cool environ-
ments, particularly pleasant warming of
torso and thighs.

Approx. 14% reduction of HVAC energy
consumption, risk of local overheating
and burning sensation at high setpoints.
More uniform thermal distribution, global
comfort achieved within about 30 min
after vehicle entry.

About 5.3% reduction in heating en-
ergy under cold winter conditions while
maintaining whole-body comfort.
Review of HVAC architectures, compo-
nents and control strategies for hybrid
and battery EVs, focusing on energy
efficiency and thermal comfort trade-offs.
Modified interior heating concept
reducing traction-battery load versus con-
ventional PTC heating while maintaining
acceptable winter cabin comfort.
System-level modeling, analysis and op-
timization, highlights HVAC contribution
to energy use and proposes strategies ac-
counting for battery lifetime and range
constraints.

Five-zone cabin model with validation,
predicts interior temperatures and sup-
ports evaluation of HVAC energy-saving
potentials across driving and climate
conditions.

Comparative analysis of EV interior
heating concepts at low ambient tem-
peratures, quantifies efficiency and shows
strong technology-dependent impact on
total vehicle energy consumption.
Powertrain-level simulation including
cabin heating loads, assesses range im-
pact of heating strategies and motivates
energy-aware climate control.
Control-trajectory optimization to in-
crease driving range while preserving
passenger thermal comfort, advantages
over rule-based operation.

Optimal management framework jointly
considering comfort and range, explicitly
quantifies HVAC energy-comfort trade-
offs.

of cabin conditioning in BEVs depend strongly on the selected HVAC
architecture and its operation [20,26,47].
Beyond component concepts, several studies have proposed control-

oriented modeling and optimization frameworks to quantify energy-
comfort trade-offs and derive range-aware HVAC strategies [2,12,31,
34]. Table 1 summarizes representative HVAC concepts for electric ve-
hicles and their main characteristics. Overall, the literature shows a
shift from purely convective air systems toward hybrid architectures
that combine convective distribution with local actuators. This trend
is particularly relevant for Level-4 cabins, where posture changes and
non-uniform exposures increase the value of region-specific condition-
ing.

2.2. Thermal comfort assessment and prediction in vehicle cabins

Thermal comfort assessment is central to the evaluation of ad-
vanced HVAC concepts. Global indices such as PMV and PPD, formalized
in ISO 7730, provide an established reference for homogeneous and
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quasi-steady environments [15,17]. Vehicle cabins, however, are char-
acterized by spatial gradients, directional radiation, drafts, and transient
phases such as entry, warm-up, and cool-down. Under these condi-
tions, local discomfort can dominate even when global indices appear
acceptable.

For such non-uniform environments, DIN EN ISO 14,505-2 rec-
ommends the equivalent temperature (t,,) as an objective metric that
combines convective and radiative heat exchange into a single refer-
ence temperature [14]. Nilsson established comfort zones and showed
how t,, can be related to thermal sensation in complex environments
[38]. Later work proposed linearized formulations to support rapid and
control-oriented evaluation of equivalent temperature [50]. In vehicle
cabins, segment-resolved ¢,, is particularly useful because it enables
local comfort constraints for body regions that are sensitive to drafts,
asymmetrical radiation, and cold or warm boundary surfaces.

Objective metrics alone, however, do not fully represent occupant
perception. Subjective ratings remain important for validation and
interpretation, and automotive comfort studies therefore often com-
bine climate-chamber measurements with overall and local sensation
or comfort votes. Recent work has emphasized the need for harmo-
nized procedures and robust comparability when assessing local comfort
effects of air distribution and drafts [43,60]. This supports the use
of segment-level objective metrics as a structured engineering basis,
while also requiring a clear statement of scope and limitations when
transferring manikin-based results to human occupants.

2.3. Data-driven prediction of thermal comfort

The increasing availability of sensor data and the complexity of
hybrid HVAC architectures have motivated data-driven methods for
comfort prediction and control-oriented evaluation. Instead of relying
only on first-principles models, machine-learning approaches learn sta-
tistical relationships between boundary conditions, actuator states, and
comfort-related targets from experimental or field data. In vehicle appli-
cations, these targets are often overall thermal sensation votes, comfort
classes, or temperatures derived from measurements and surrogate
indices.

Linear and multiple regression have been used to predict over-
all thermal sensation with moderate accuracy from cabin conditions
[65]. Tree-based models such as Random Forest have been applied to
improve predictive performance compared with empirical approaches
[35]. Other studies combined several algorithms to infer seat-heating
patterns or comfort classes and reported high accuracy for specific tasks
and feature sets [24]. Hybrid approaches that combine CFD with ma-
chine learning further show that surrogate models can approximate
thermal quantities with high accuracy while reducing computation time
compared with full CFD simulations [57]. Comparative work also shows
that model performance depends strongly on the available sensors, the
selected targets, and the diversity of the covered boundary conditions
[46,62,64].

Table 2 summarizes representative studies on data-driven comfort
prediction in vehicle cabins. Most of these approaches focus on global
indices, subjective votes, or a limited subset of local variables, and they
are often evaluated for restricted ambient ranges, seat configurations, or
actuator subsets. Their transfer to Level-4 cabins is therefore limited, be-
cause posture changes and spatial non-uniformity require segment-level
constraints, while energy-aware operation requires actuator decisions
that remain valid across multiple scenarios.

In summary, prior work shows that hybrid HVAC concepts and data-
driven models can improve comfort and energy efficiency. However,
systematic studies remain limited that (i) use segment-resolved to @S
an objective local constraint metric, (ii) cover multiple ambient scenar-
ios together with posture-dependent Level-4 use cases, and (iii) support
energy-aware steady-state setpoint selection across a hybrid actuator
space. The present work addresses this gap by combining segmented
t,,-based evaluation with forward surrogate regression models for the
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Table 2
Selected studies on thermal comfort prediction in vehicle cabins.
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Author Modeling method

Comfort index

Reported accuracy

Yun et al. [65]
Lee et al. [35]

Linear and multiple regression
Random Forest

Ju et al. [24] Decision tree, SVM and k-Nearest
Neighbors

CFD + SGD regression, Random
Forest, neural network

Comparative study of ML algorithms
(kNN, RF, SVM, XGBoost) with multi-
sensor inputs

Warey et al. [57]

Yu et al. [64]

Xu et al. [62] Multiple regression models using local
skin and breathing air temperatures in
a vehicle cabin

Qavidel Fard et al. [46] Review and benchmarking of ANN,

SVM and tree-based comfort models

Overall Thermal Sensation (OTS)
Overall Thermal Sensation

Seat-heating pattern / comfort class
Equivalent homogeneous temperature
Individual thermal sensation vote and

comfort vote

Overall thermal sensation (OTS) and
overall thermal comfort (OTC)

Various indices (PMV, TSV, preference,
comfort vote)

R?> ~ 0.61

Prediction accuracy improved by a factor of 2.6
compared to traditional methods

Up to R? = 0.96 for pattern prediction

> 95% prediction accuracy, strong reduction in
computation time versus pure CFD
Best-performing models reach classification ac-
curacies above 80% using reduced feature sets
from low-cost sensors, demonstrating practical
deployment potential.

Prediction models for OTS and OTC achieve

R? = 0.77 and R?> = 0.51, respectively, identify
chest skin and breathing air temperature as key
predictors for intelligent cabin control.
Synthesizes reported accuracies typically be-
tween 70-90% across algorithms and datasets,
highlights strengths, limitations and data
requirements of individual methods.

prediction of stationary local thermal states and by explicitly distin-
guishing strong interpolation performance within the measured design
space from limited scenario-level extrapolation.

3. Fundamentals

This section summarizes only the physical and methodological fun-
damentals that are directly required for the present study. First, the
dominant heat-transfer paths between occupant and cabin are outlined
to motivate the combined use of convective and radiative conditioning.
Second, the electrical HVAC power demand and its effect on WLTP range
are introduced. Third, local thermal comfort in non-uniform cabins is
described by segmental equivalent temperature and the Nilsson comfort
zones according to DIN EN ISO 14,505-2. Finally, the learning task is
stated in its reduced form to define the forward surrogate used later in
the Methods section.

3.1. Heat transfer between occupants and the cabin environment

Heat exchange between an occupant and the surrounding cabin is
governed by conduction, convection, and long-wave thermal radiation
[10,44]. In the present HVAC concept, the relevant active actuation
paths are forced convection through the air-distribution system and
near-field radiation from infrared panels. Conductive heat transfer is not
used as an active control path in the investigated configuration. For one
body segment, the sensible heat exchange can therefore be written as

Qsens = Qconv + Qrads (€9)

where Qv depends mainly on local air temperature and air motion,
and Q,,q depends on the radiative exchange with surrounding surfaces
and local radiant sources [17,38]. In vehicle cabins, radiative asymme-
tries and local airflow effects can differ strongly between body regions.
This motivates segment-resolved comfort metrics and actuator-selective
conditioning.

3.2. Electrical HVAC power demand and impact on WLTP range

In battery electric vehicles, HVAC energy is drawn from the trac-
tion battery and therefore contributes directly to range reduction. The
electrical power demand depends on the required thermal load, the effi-
ciency of the heating or cooling process, and additional auxiliary loads.
For the heat-pump-based actuation path, the coefficient of performance
(COP) is defined as
cop = Zelim @

el,HP

where Oy, is the delivered heating or cooling capacity and Py yp is the
corresponding electrical input power [52]. Lower ambient temperatures
typically reduce the COP and therefore increase the electrical power
demand for a given thermal output.

The total electrical HVAC power is modeled as

Pel,HVAC = Pel,HP + Pel,blower + Pel,aux» 3)

where P piower T€PTesents the blower power for convective air distri-
bution and P, ,,, aggregates additional electrical loads. In the present
hybrid concept, the radiant panels are treated as electrical auxiliary
loads and are therefore included directly in Py 5.

To estimate the range impact, a simplified WLTP-based engineering
model is used following [5,61]. For a representative vehicle with bat-
tery capacity Ey,, average traction power Py, over the WLTP cycle,
cycle distance dyy;1p, and cycle duration ty; rp, the achievable range is
approximated as

Epat dyrtp
Ryire = a . “)
Prive + Peluvac fwite

This formulation is used to quantify the relative impact of HVAC op-
eration on range. It is not intended to replace a full vehicle-energy
simulation. For the scenario-specific calculations, COP values of 2.3, 2.7,
and 3.5 are assumed for —10 °C, +16 °C, and +28 °C, respectively, con-
sistent with reported temperature-dependent performance trends in the
literature [36,37,55].

3.3. Local thermal comfort in non-uniform vehicle environments

Highly automated cabins with flexible seating layouts and hybrid
HVAC actuation are characterized by spatial non-uniformity in tem-
perature, radiation, and airflow. Under such conditions, global comfort
indices that assume uniform environments have limited diagnostic value
for local discomfort mechanisms.

3.3.1. Equivalent temperature as an objective local metric

DIN EN ISO 14,505-2 recommends the equivalent temperature t,, as
an objective metric for non-uniform vehicle environments [14]. The
concept combines convective and radiative heat exchange into a sin-
gle reference temperature that produces the same sensible heat loss in a
standardized isothermal environment [38]. Segment-resolved teg values
can be measured with a segmented thermal manikin and are there-
fore well suited for local comfort assessment in cabins with directional
airflow and radiative asymmetries.
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3.3.2. Nilsson comfort zones and constraint formulation

Nilsson and Holmér developed comfort-zone diagrams that relate
segmental equivalent temperature to local thermal sensation and were
later incorporated into DIN EN ISO 14,505-2 [14,39]. For each body
segment, neutral reference values and acceptable comfort bands can be
derived from the relationship between 7,, and local sensation votes. In
the present work, these segment-specific neutral bands are used as local
comfort constraints. The segmented thermal manikin measures ¢,, for
the corresponding sixteen body zones, and the surrogate models predict
the 16 segmental 7,,, values as a function of ambient scenario and HVAC
settings. During the setpoint search, all predicted segmental 7,, values
must remain within the Nilsson neutral ranges while the electrical HVAC
power Py gyac from Section 3.2 is minimized.

3.4. Learning task used in this work

The data-driven component of this study is restricted to a supervised
forward surrogate for steady-state conditions. Let x € R? denote the fea-
ture vector containing scenario descriptors and actuator settings, and
let y € RY denote the multi-target output vector containing the 16 seg-
mental equivalent temperatures. The learning task is to approximate the
mapping

¥y =fx), ()

so that stationary local thermal states can be predicted from candidate
operating points. The resulting surrogate is then used for fast evalua-
tion within a comfort-constrained search. Detailed preprocessing, model
training, baseline comparison, and robustness evaluation are reported in
Section 5.6.

4. Objectives

The aim of this study is to develop and evaluate a data-driven frame-
work for comfort-constrained and energy-aware steady-state setpoint
selection in highly automated battery-electric vehicles equipped with
a hybrid convective-radiant HVAC system. The work builds on pre-
vious winter-focused research at —10 °C and extends it to multiple
ambient conditions, a broader hybrid actuator space, and a forward
surrogate workflow that is explicitly formulated for stationary Level-4
cabin scenarios. The focus is therefore not on transient online control,
but on identifying actuator combinations that satisfy segment-level com-
fort constraints while minimizing electrical HVAC power within the
measured design space.

Building on segmented thermal-manikin measurements and con-
trolled climate-chamber experiments, the study pursues the following
specific objectives:

1. Generate a reproducible multi-scenario dataset for segment-
level comfort and HVAC power. Establish an experimental
database that links ambient conditions (—10 °C, +16 °C, +28 °C),
two seating postures representing a more upright and a more
relaxed Level-4 use case, air-distribution concepts, and hybrid
HVAC actuation to local equivalent temperature 7., across six-
teen body segments and to the associated electrical HVAC power
demand.

2. Develop and evaluate forward surrogate models for station-
ary segmental t,, prediction. Train multi-output regression
models that map scenario descriptors and actuator settings to the
16 stationary segmental 7., values. Evaluate their performance
against a linear regression baseline using pooled intra-scenario
cross-validation, and assess robustness by controlled input-noise
perturbations and leave-one-scenario-out testing to distinguish
interpolation capability from scenario-level extrapolation limits.

3. Quantify the energy-comfort trade-off of hybrid convective-
radiant operation across climates. Analyze how operating
strategies at —10 °C, +16 °C, and +28 °C affect both segment-level
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thermal neutrality and electrical HVAC power. Particular empha-
sis is placed on identifying operating regions in which radiant
support is beneficial and regions where it becomes energetically
unfavorable despite only marginal comfort gains.

4. Derive actuator prioritization rules for Level-4 cabin condi-
tioning. Translate the surrogate-based setpoint search into prac-
tical guidelines for prioritizing convective and radiant actuation,
including the identification of scenario-dependent operating re-
gions, preferred air-distribution modes, suitable mass-flow levels,
and the selective use of radiant support, especially for lower-body
comfort in cold conditions.

5. Method

Thermal comfort was evaluated in a climate-controlled chamber us-
ing a vehicle-like mock-up equipped with a segmented thermal manikin.
Local equivalent temperatures were measured for sixteen body regions
under three ambient scenarios, namely winter (—10 °C), transitional
(+16 °C), and summer (+28 °C). HVAC settings, including blower speed,
outlet-air temperature, air-distribution concept, and radiant-panel tem-
peratures, were varied systematically. All data used for the data-driven
framework correspond to stationary operating points. The study is
therefore interpreted as a steady-state sizing and setpoint-selection in-
vestigation within the measured operating space rather than as transient
cabin control.

The following subsections describe the experimental set-up, the
ambient scenarios and operating concepts, the parameter matrix, the
steady-state extraction procedure, and the forward surrogate model-
ing workflow used for comfort-constrained and energy-aware setpoint
selection.

5.1. Experimental set-up and sensing concept

The experimental set-up extends the climate bench and hybrid HVAC
concept introduced in [28] to a broader operating space with three am-
bient scenarios and two Level-4 seating postures. The subsections below
describe the climatic test environment, the hybrid convective-radiant
HVAC system, the seating configurations, and the segmented thermal
manikin. Together, these elements provide a reproducible platform for
generating steady-state equivalent-temperature data and corresponding
HVAC power measurements.

5.1.1. Climate chamber and HVAC mock-up

All measurements were conducted in the climate chamber of the
Chair of Ergonomics at the Technical University of Munich. The test
bench consists of the front half of a B-segment vehicle mock-up in-
tegrated into a climate-controlled chamber that maintains a constant
ambient temperature. The HVAC system supplies conditioned air by
mixing heated and cooled air streams and distributes it into the cabin
through nine symmetrically arranged outlets that are geometrically
inspired by the Audi Skysphere concept [28]. The outlet layout in-
cludes dashboard outlets, footwell nozzles, and additional ports that
support distinct air-distribution concepts and localized exposure of the
occupant.

A panel-based infrared (IR) heating system is integrated into side
panels and the floor region to realize hybrid convective-radiant opera-
tion as described in [27,28]. The geometry of the mock-up and the enclo-
sure of the climate chamber enable repeatable air-distribution concepts
and localized radiant exposure while shielding external disturbances, as
shown in Fig. 1.

Table 3 summarizes the measurement channels used in the present
study, their location in the climate-bench setup, their signal source or
sensor type where relevant, and their role in the subsequent steady-state
analysis. Additional implementation details of the previously established
climate bench are reported in [28].
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Fig. 1. Seat cabin with dashboard and footwell outlets and distributed infrared
panels integrated into a climate chamber.

5.1.2. Seating configurations

To represent typical use cases in highly automated vehicles, two seat-
ing configurations were used, namely a more upright driver posture with
a backrest angle of 20° and a more reclined relax posture with a backrest
angle of 48°, as shown in Fig. 2. Both configurations are based on the
recommendations of Yang et al. [63] for realistic driver-oriented and
relaxation-oriented seating positions in future automated vehicles. They
differ mainly in backrest angle and pelvis position. The climate dummy
is mounted rigidly in each posture and is not repositioned during an
individual experiment.

5.1.3. Segmented thermal manikin and equivalent temperature

Thermal comfort evaluation is based on the equivalent temperature
teq according to DIN EN ISO 14,505-2. A segmented thermal dummy
with sixteen body zones is used to measure local 7., values under sta-
tionary conditions. Each segment comprises an internal heating element
and surface temperature sensing. The control system adjusts the segmen-
tal surface temperatures such that the sensible heat loss matches that
of a standardized isothermal reference environment, which allows the
equivalent temperature to be inferred from the segment energy balance
[14,39].

Table 3

200\
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Fig. 2. Driver (left) and relax (right) seating configurations with climate dummy

and respective backrest angles [28].

Fig. 3 shows the segmentation layout. The sixteen segments cor-
respond to the body regions used in the Nilsson comfort framework
and therefore enable direct mapping between measured ., values and
local neutral comfort zones [39]. The climate dummy represents a 50th-
percentile male occupant and follows the segmented layout described
in [48]. The resulting 16-segment #., distribution forms the target space
for all subsequent steady-state analyses and surrogate models.

5.2. Climate scenarios and operating concepts

The HVAC operating space is investigated under three ambient
scenarios that represent typical European operating conditions for

battery-electric vehicles:

« Winter: T, = —10 °C, representing severe cold conditions.

» Transitional: T,,;, = +16 °C, representing moderate conditions
between heating- and cooling-dominated operation.

« Summer: T,,;, = +28 °C, representing warm cooling conditions.

Fig. 3 illustrates the segmented climate dummy used for com-

fort evaluation. In all

scenarios,

comfort assessment follows

DIN EN ISO 14,505-2. For winter and transitional conditions, the
winter comfort diagram is applied. For summer conditions, the summer

comfort diagram is used. Segmental ¢

eq Values are evaluated against the

corresponding Nilsson neutrality bands [14].

Instrumentation overview of the climate-bench setup used for the present study. The table summarizes the measurement channels included in the steady-state
dataset, their location, the signal source or sensor type where relevant, and their role in the subsequent analysis.

Measurement channel Location in the setup

Signal source / sensor type

Role in the analysis

Segmental equivalent temperature
foq (16 zones)

Segmented thermal manikin; sixteen body
regions

Segment surface-temperature
sensing and internal segment
heating

Cabin air temperature

Inside each manikin segment
Climate chamber / cabin interior
measurement positions

Climate chamber / cabin interior
measurement positions

Cabin air humidity

Outlet-air temperature setpoint /
measured outlet conditions
Fan-speed signal and mass-flow
proxy

HVAC air-distribution path and cabin
outlets
Air-handling unit / blower system

Dashboard and footwell outlet
arrangement

Air-distribution concept / outlet-
angle configuration

Radiant-panel temperature
setpoints / measured panel
temperatures

Electrical power channels

Side panels, center-console region, and
footwell region

Convective HVAC path and radiant panels

Segmented manikin measurement system
with internal segment heating and surface
temperature sensing

Internal manikin control and surface-
temperature sensing

Type-K thermocouples

Humidity measurement channel of the
climate-bench instrumentation

HVAC setpoint signal and temperature
measurement in the air path
Blower-speed signal; mass-flow proxy de-
rived from the blower setting and bench
characterization

Discrete outlet-angle configuration of the
selected flow concept

Panel-temperature signals of the radiant
heating system

Electrical power measurements of
convective and radiant subsystems

Primary comfort target; mapped to
Nilsson neutral comfort zones and used
as regression output.

Enables equivalent-temperature determi-
nation according to DIN EN ISO 14,505-2
under steady-state conditions.
Characterization of ambient and cabin
thermal boundary conditions during each
operating point.

Characterization of psychrometric bound-
ary conditions during each operating
point.

Continuous model input; defines
convective actuation intensity.
Continuous model input representing
supplied airflow intensity.

Categorical model input defining the
selected flow concept (baseline, direct,
enveloping).

Continuous model input for radiant actu-
ation and basis for electrical panel-power
estimation.

Used for the energy assessment and
WLTP-based range comparison.
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Fig. 3. Segmented climate dummy with sixteen body zones and associated
equivalent temperature sensors, adapted from Kipp et al. [27].

The hybrid HVAC architecture combines

« forced convection via nine air outlets at head, mid, and foot level,

« long-wave radiant heating via heating elements integrated into side
panels and the floor region,

« adjustable blower speed as a proxy for supplied mass flow.

Three air-distribution concepts are considered for each seating con-
figuration, as shown in Fig. 4. From a control perspective, they corre-
spond to a baseline concept, a direct concept with focused jets toward
selected body areas, and an enveloping concept with more tangential
surrounding flow. The corresponding outlet angles are derived from a
previous outlet-angle system study [28] and differ between heating- and
cooling-dominated scenarios to account for buoyancy effects.

For each combination of ambient scenario, posture, and air-
distribution concept, the system is operated until steady-state conditions
are reached. Equivalent-temperature profiles and electrical power are
recorded. Electrical power is measured separately for the radiant ele-
ments and the convective path and is subsequently aggregated to total
HVAC power.

5.3. Parameter matrix and operating points

The full parameter matrix follows a factorial structure that combines
ambient scenario, seating position, air-distribution concept, and HVAC
actuation variables. Each operating point corresponds to one climate-
chamber run of approximately 60 minutes and yields one steady-state
record of sixteen segmental equivalent temperatures and the associated
electrical HVAC power.
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The matrix covers all combinations of

« seating position: driver vs. relax,

« air-distribution concept: baseline, direct, enveloping,

« outlet air temperature T,

« radiant panel temperature levels Tiz, where applicable,
« blower speed ng,, and the associated mass-flow proxy.

Across all three ambient scenarios, this factorial design yields a to-
tal of 630 operating points. These comprise 360 winter points, 180
transitional points, and 90 summer points. The transitional dataset con-
tains both convection-only and restricted hybrid operation. This explicit
count is important because the learning task is evaluated on a structured
but still finite steady-state design space rather than on a continuously
sampled operating domain.

In addition to the scalar setpoints, the air-distribution concepts are
defined by fixed horizontal and vertical outlet angles on the driver side,
with passenger-side outlets adjusted mirror-symmetrically. The baseline
concept represents a conventional flow with moderate deflection and
without strong jet impingement on the occupant. The direct concept
aims jets at selected body regions. The enveloping concept redirects the
flow away from the body to create a more diffuse surrounding airstream.
The concept definitions and outlet angles follow previous investigations
[28].

Before fitting non-linear surrogate models, the stationary dataset is
further explored with multivariate methods to identify dominant cou-
plings between actuator settings and segmental equivalent temperatures
and to verify the internal consistency of the measured operating space.

5.4. Data acquisition and steady-state extraction

All training and validation data are obtained from systematic
climate-chamber measurements with the segmented climate dummy
under the three ambient scenarios defined in Section 5.2. For each
parameter combination in the matrix, the cabin is driven to a quasi-
steady operating point and all relevant thermal and HVAC variables
are recorded. The following subsections describe the measurement pro-
tocol and the steady-state extraction procedure used to derive one
feature-target pair per operating point.

5.4.1. Measurement protocol

For each parameter combination, a dedicated experiment is con-
ducted. After setting the desired ambient temperature in the climate
chamber and stabilizing the HVAC system, the corresponding outlet an-
gles, outlet-air temperature, radiant-panel temperature, and fan speed
are applied via the system interface. The configuration is then main-
tained for approximately 60 minutes to allow the climate dummy and
the cabin air to approach thermal equilibrium.

(a) Baseline

(b) Direct

(c) Enveloping

Fig. 4. Local velocity magnitudes visualized at simplified torso and upper-leg positions for the air-distribution concepts used across the ambient scenarios and seating
postures. (a) Baseline concept combining direct and indirect flow paths, (b) direct concept with concentrated jets toward selected body areas, and (c) enveloping
concept with flow guided around the occupied zone. Flow patterns are visualized using an optically tracked 3D ultrasonic velocity and temperature probe.
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Following Rolle et al. and Kiichle [33,48], this duration is chosen
to ensure quasi-steady conditions for all body segments. Equivalent
temperatures, cabin air temperatures, humidity, and HVAC operating
variables are recorded continuously throughout the run and stored in a
centralized data-logging system for subsequent processing.

5.4.2. Preprocessing and determination of stationary equivalent
temperatures

After data collection, all time series are processed in a uniform
manner to obtain one representative steady-state value per measured
variable and operating point. The goal is to derive, for each run, a target
vector y containing the sixteen stationary segmental equivalent temper-
atures and a corresponding feature vector x containing the ambient and
actuator settings.

Stationarity criteria
A state is classified as stationary when all of the following conditions
are satisfied:

1. The equivalent-temperature time series is filtered to suppress
high-frequency fluctuations outside the relevant comfort band-
width,

2. Within a sliding window of 20 minutes, the variation of the
filtered 1.4 signal remains below 1.5K,

3. The representative steady-state value is computed as the arith-
metic mean over the last 10 minutes of the identified stationary
interval.

These criteria are applied consistently to all body segments and all
runs. The resulting means define the stationary equivalent temperatures
teq for the sixteen body segments and the stationary values of the corre-
sponding HVAC inputs. Collecting these means across all channels yields
one feature-target pair (x,y) per operating point.

5.5. Data pre-analysis

Before fitting the surrogate models, the stationary dataset is exam-
ined using linear multivariate analysis and visual comfort maps. The
aim is to identify dominant actuator-response couplings, verify phys-
ical plausibility, and support the later definition of feasible search
regions.

5.5.1. PLS-based exploration of actuator-response coupling

Partial least squares (PLS) regression is applied separately to the win-
ter, transitional, and summer datasets. For each scenario, the predictor
matrix X contains centered and scaled actuator and boundary-condition
variables, while the response matrix Y comprises the sixteen stationary
segmental equivalent temperatures [1,21].

Across all scenarios, the first latent component is associated with
the overall heating or cooling intensity. In heating-dominated data,
this component is driven mainly by outlet-air temperature and radiant-
panel temperature. In cooling-dominated data, outlet-air temperature
and mass flow dominate. Secondary components differentiate between
upper and lower body regions and between air-distribution concepts.
These patterns are used as a plausibility check and to support the
subsequent forward modeling of segmental 7.

5.5.2. 3D ISO comfort diagrams

To visualize the joint effect of convective and radiant actuation on
local comfort, 3D ISO comfort diagrams are generated based on the
equivalent-temperature concept of DIN EN ISO 14,505-2 [14] and are
oriented toward the 2D representation in [48]. For selected body re-
gions and scenarios, the stationary dataset is interpolated on regular
grids in the (T, Tir) and (Tyy. ngap) planes. The resulting surfaces in
Fig. 5 represent the measured equivalent temperature 7., as a function
of two control variables.
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Fig. 5. 3D ISO comfort diagram for a selected body region, constructed from
the stationary dataset using the DIN EN ISO 14,505-2 equivalent temperature
concept.

These comfort maps provide a compact visualization of the mea-
sured operating space and its relation to the Nilsson comfort zones. They
also support the definition of physically meaningful bounds for the later
setpoint search.

5.6. Forward surrogate modeling and setpoint selection

Based on the stationary dataset, a data-driven surrogate model is de-
veloped to provide fast predictions of segmental equivalent temperatures
for candidate actuator combinations within the measured operating
space. The learning task is formulated as a forward model,

fixe§, ©

where x contains scenario descriptors and actuator settings, and § € R'°
contains the predicted stationary segmental 7, values. The trained surro-
gate is then embedded in a constrained search that checks segment-wise
Nilsson comfort bounds and selects minimum-power operating points.

5.6.1. Problem formulation and control-oriented use

For a fixed ambient scenario and seating configuration, the goal is to
identify actuator settings that keep all predicted segmental equivalent
temperatures within the Nilsson neutrality bands while minimizing total
electrical HVAC power. A candidate operating point x is feasible if

Toa < feq (%) S 1805

eqj = Steq, ViEedl...l6} @)

with t‘enif‘. and 7" taken from the scenario-consistent Nilsson comfort
diagram [14]. Among all feasible candidates, the operating point with
minimum estimated electrical HVAC power is selected. Because all mea-
surements and targets are stationary, this procedure is interpreted as
steady-state setpoint selection within the measured design space rather
than transient trajectory control.

5.6.2. Feature definition and preprocessing
For each operating point, the steady-state extraction described above
yields a feature vector x and a target vector y:

« Categorical inputs: ambient scenario, seating position, air-
distribution concept.
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Discrete parameter levels and operating modes for the three ambient scenarios. The full dataset is obtained by combining all listed levels with both seating

positions and all three air-distribution concepts (baseline, direct, enveloping).

Scenario Operation mode

Outlet air temperature T,

Radiant panel temperature Tjz ~ Fan speed ng,,

Winter —10 °C Hybrid convection + IR heating

20,30,40,50 °C

20,30, 40, 50,60 °C 1000, 2000, 3000 rpm

Transitional +16 °C Convection-only (cooling / mild heating) 10-30 °Cin 5 °C steps off 1000, 2000, 3000 rpm
Transitional +16 °C ~ Hybrid convection + IR heating (restricted range) 10-30 °Cin 5 °C steps 20,25,30 °C 1800 rpm
Summer +28 °C Convection-only cooling 10-30 °Cin 5 °C steps off 1000, 2000, 3000 rpm

Table 5

Retained hyperparameters of the forward surrogate models used for sta-
tionary prediction of the sixteen segmental #., values. Parameters not listed
here were kept at their library defaults.

Model Retained settings

Linear regression baseline ~ Multi-output linear regression within the shared
preprocessing pipeline; no tuned model-specific
hyperparameters.
Restimators = 100, max_features = sqrt; imple-
mented as one regressor per segment within the
shared preprocessing pipeline. All remaining
parameters were kept at their library defaults.
XGBoost Negtimators = 150, max_depth = 3,y = 0.0; im-
plemented as one regressor per segment within

Random Forest

the shared preprocessing pipeline. All remaining
parameters were kept at their library defaults.

« Continuous inputs: outlet-air temperature setpoint, fan-speed set-
point, radiant-heating setpoints, and a mass-flow proxy derived
from the blower setting and validated by measurements.

- Targets: the sixteen stationary segmental .4 values.

Categorical variables are one-hot encoded to avoid unintended ordi-
nal assumptions. Continuous variables are standardized to zero mean
and unit variance. All preprocessing steps are implemented within a
single pipeline that is fitted on the training folds only. This avoids in-
formation leakage and ensures directly comparable model evaluation
across baseline and ensemble methods.

5.6.3. Model classes and hyperparameters
Three regression model families are evaluated for the forward surro-
gate:

« Linear regression baseline: transparent reference model for par-
simony.

« Random Forest (RF): tree ensemble for non-linear relationships
with strong robustness to input noise [8].

« XGBoost: gradient-boosted trees for structured non-linear actuator
interactions [11].

Multi-output prediction is implemented using one regressor per seg-
ment under a shared preprocessing pipeline. The retained hyperparame-
ters of the reported forward surrogate models are summarized in Table 5
to support reproducibility.

5.6.4. Training, validation, baselines, and robustness tests

The main interpolation performance is evaluated by 5-fold cross-
validation on the pooled dataset. The same folds and preprocessing logic
are used for all model classes. Prediction accuracy is quantified with the
coefficient of determination R? and the mean absolute error (MAE). For
one target y and N samples,

N N 52
i=1 Vi =)
MAE:lZUi—ﬁiL R2=1_Z’;[1—"2,

N i=1 Z,‘:] (yi - J_/)
where j denotes the sample mean. Metrics are computed per segment
and aggregated across folds, scenarios, and body segments.

(€))

To address parsimony and robustness concerns, three complemen-
tary evaluations are conducted:

1. Baseline comparison: a linear regression baseline is trained and
evaluated under the same cross-validation protocol.

2. Input-noise sensitivity: zero-mean Gaussian noise with ¢ = 1K
is injected into the continuous input variables in the original
feature space before preprocessing. Multiple Monte-Carlo realiza-
tions are evaluated and the resulting increase in MAE is used as
a robustness indicator.

3. Leave-one-scenario-out (LOSO) stress test: one ambient sce-
nario is withheld entirely for testing while the models are trained
on the remaining scenarios. This probes scenario-level extrapola-
tion beyond the represented operating space.

The main pooled intra-scenario cross-validation results of the re-
tained forward surrogate models are reported in Section 6.3 and Table 9.

5.6.5. Control-oriented selection

For a given ambient scenario and seating configuration, an exhaus-
tive search over the admissible actuator space is performed using the
trained forward surrogate models. The search enumerates all combina-
tions of T, radiant-temperature levels, and ng,, within the bounds of
the parameter matrix shown in Table 4 for each air-distribution concept.
For each candidate, the surrogate predicts the sixteen segmental equiv-
alent temperatures, which are then checked against the segment-wise
Nilsson neutrality bands.

Candidates are classified as feasible if all segmental equivalent
temperatures lie within their respective comfort bands. For feasible can-
didates, the electrical HVAC power is evaluated using the power model
in Section 5.7, and the minimum-power solution is selected. This yields
comfort-compliant stationary operating points that are optimized for
energy efficiency within the measured operating space of the hybrid
convective-radiant HVAC concept.

5.7. HVAC power model and COP

To assess the energy impact of comfort-compliant HVAC settings, the
electrical power consumption of the hybrid convective-radiant system is
computed for each stationary operating point. The calculation combines
a convective energy balance for the air-side heating or cooling load with
empirically identified power—temperature relationships for the radiant
panels and scenario-specific efficiency assumptions for the heat-pump-
based path.

Fig. 6 summarizes the considered energy flows. The control volume
encloses the air-handling unit and the cabin air domain. Convective
heating or cooling is represented by the enthalpy difference between in-
let and outlet air streams. Radiant heating is represented by the electrical
power of the individual panels.

5.7.1. Convective heating and cooling power
The starting point is the steady-state energy balance for a control
volume with inflowing and outflowing air streams,

dE -
E:Zmihi—ijhj+Q+w, ©)
mn

out
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Qheat = mcp(Tin -
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Fig. 6. Schematic energy balance around the hybrid HVAC system. Convective
loads are determined from mass flow rate and moist-air enthalpy difference be-
tween inlet and outlet, while radiant loads are supplied by electrically heated
panels. The heat pump or electric heater provides the required thermal power
at a given coefficient of performance (COP).

where E is the total energy within the control volume, s is the air mass
flow rate, and 4 is the specific enthalpy of moist air. Under stationary
conditions and neglecting shaft work as well as kinetic and potential
contributions, the net thermal load is obtained from the enthalpy-flow
difference.

The specific enthalpy of moist air is computed as

T, 0) =, T+ w(T, o) (c

pvap T + hvap) >

(10)

p.air

and ¢, y,p are

is the latent

where T is air temperature, ¢ is relative humidity, ¢, i
the specific heat capacities of dry air and water vapor, A
heat of vaporization, and w(T, ¢) is the humidity ratio.
For cooling operation, the air-side cooling load is evaluated from the
moist-air enthalpy difference between inlet and outlet conditions,

vap

Qcool = alr (hout - hin) ’ (1 1)

where riny;, is the mean supply-air mass flow rate.
For heating operation, the convective heating load is evaluated from
the temperature rise across the heater heat exchanger,

Qheat Mair Cpair (Tout,HTX - Tin,HTX) . 12)
These expressions provide the net convective heating or cooling load

for each stationary operating point.

5.7.2. Electrical power of radiant heating panels

The radiant component of the HVAC system is implemented via mul-
tiple electrically heated panels integrated into interior surfaces. For the
present climate-bench setup, the electrical power required to maintain
a panel surface temperature setpoint 7; is approximated by an empirical
linear model,

Pel,panel,i(Ti) = ﬂO,i + ﬂl,[ T;

a3
where f; and p, ; are obtained from dedicated current-voltage measure-
ments under fixed boundary conditions [7,33]. The resulting coefficients
are listed in Table 6.

For each stationary operating point, the electrical power of all ac-
tive panels is obtained by evaluating Eq. (13) at the measured panel
temperatures and summing over all active panels. It should be noted
that the panel contribution is not represented by an idealized thermal-
output assumption. Instead, the reported panel term corresponds to
the measured electrical input required to maintain the observed panel
temperatures under the fixed bench boundary conditions and therefore
reflects the effective bench-specific losses implicitly contained in the
fitted coefficients.
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Table 6

Coefficients for estimating the electrical power of the radiant
heating panels as a function of panel surface temperature 7.
The linear model Py pane1 (T7) = By, + By, T; is based on current
measurements on the climate bench [7,33].

panel ID Position B, W] B, [W/K]
1 Rear window 542.79 -2.13
2 Side window 848.57 -2.83
3 Door panel 394.09 -1.21
4 Center console 516.86 -1.53
5 Headliner 567.81 -1.83
6 Windscreen 832.10 -1.51
7 Instrument-panel (lower) 262.80 —0.85
8 Instrument-panel (upper) 540.25 -1.35
9 Footwell 540.25 -1.35

5.7.3. Total HVAC electrical power and coefficient of performance

In battery-electric vehicles, the thermal load generated by the HVAC
system is typically provided either by a PTC auxiliary heater or by
a vapor-compression heat pump. In heating mode, the coefficient of
performance is defined as

Qheat

el HP

COP(Tamb) (1 4)

where Py yp is the electrical input power to the heat pump and Oy, is
the delivered heating capacity. In cooling mode, the analogous efficiency
metric is the energy efficiency ratio EER = O 01/ Pe 1ip-

For compact notation, the symbol #(T,,;,) is used as the scenario-
specific efficiency factor, where = COP in heating mode and # = EER in
cooling mode. The total electrical HVAC power for a stationary operating
point is then estimated as

panel

R

This model provides a consistent engineering estimate of total HVAC
electrical power across all operating points. The scenario-specific COP
and EER assumptions are used to compare relative energy demand
across winter, transitional, and summer conditions. They are not in-
tended to replace a full vehicle-level thermal or energy simulation.
The resulting electrical-power values should therefore be interpreted as
comparative engineering estimates for the investigated stationary oper-
ating space. They support relative comparisons between scenarios and
actuator strategies, but they do not replace a full vehicle-level simula-
tion with operating-point-dependent heat-pump maps, transient battery
interaction, and road-load coupling.

Qheat + Qcool
mb)

P,

e,HVAC = (15)

el,panel,i i(T7).

6. Results

This section presents the main findings of the steady-state climate-
chamber study and the associated energy assessment. The results are
structured to first highlight the scenario-dependent comfort-energy
trade-off of the hybrid convective-radiant HVAC concept and the re-
sulting actuator-prioritization rules. The predictive performance of the
forward surrogate models is then reported as methodological support for
the underlying setpoint search. Unless stated otherwise, the reported val-
idation settings correspond to the enveloping air-distribution concept,
which provided the most robust overall comfort performance across
the investigated operating space. In practical terms, this repeated se-
lection indicates that the enveloping concept offered the broadest set
of comfort-feasible candidates across scenarios. Compared with more
directly impinging airflow patterns, it reduced the risk of locally ex-
cessive upper-body exposure while still allowing sufficient thermal
support of distal and lower-body regions through the combined action
of convection and radiation.
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Optimized HVAC setpoints used for the evaluated validation operating points in three ambient scenarios: winter (—10 °C),
transitional (+16 °C) and summer (+28 °C), reported for driver and relax seating positions. For +16 °C, two operating modes
are listed: (i) hybrid operation with explicit radiant-panel setpoints and (ii) convection-only operation with radiant heating
deactivated. For +28 °C, radiant heating is deactivated and only convective setpoints are reported.

Setting —-10°C +16°C +28°C
Driver Relax Driver Relax Driver Relax
Hybrid mode (radiant setpoints active)
Air-distribution concept [-] enveloping enveloping enveloping enveloping - -
Outlet air temperature T, [°C] 31 31 23 26 - -
Panel temperature console [°C] 31 40 32 29 - -
Panel temperature door [°C] 36 38 34 31 - -
Panel temperature footwell [°C] 50 50 30 30 - -
Fan speed ng,, [rpm] 1728 1821 1800 1800 - -
Convection-only mode (radiant off)
Air-distribution concept [-] - - enveloping enveloping enveloping enveloping
Outlet air temperature T, [°C] - - 26 27 21 21
Mean panel temperature Tz [°C] - - off off off off
Fan speed ng,, [rpm] - - 959 920 1671 1709
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Fig. 7. Validation results for the winter scenario at —10 °C ambient temperature for driver (left) and relax (right) seating positions using the enveloping air-distribution
concept. Points indicate measured steady-state equivalent temperatures of the sixteen body segments; shaded areas denote the neutral comfort ranges according to

Nilsson for the respective segments.

6.1. Scenario-based validation of thermal comfort

For each ambient scenario, the surrogate-based search identifies ac-
tuator settings that keep the segmental equivalent temperatures of the
climate dummy as close as possible to the Nilsson neutral zone while
minimizing electrical HVAC power. When no fully feasible operating
point exists within the discrete measurement grid, the selected setting
minimizes the largest remaining local deviation from the neutral bands,
so that no strongly under- or overheated body region is masked by other-
wise neutral segments. The selected operating points are then validated
by the corresponding steady-state measurements.

6.1.1. Winter scenario: —10 °C

Table 7 summarizes the optimized HVAC settings for the winter sce-
nario. For both seating configurations, the enveloping air-distribution
concept is selected. The outlet air temperature remains at a moderate
level, while comparatively high radiant-panel temperatures are used to
support lower-body and torso comfort without excessively increasing the
mixed-air temperature.

11

In the relax position, the unconstrained optimum suggests
comparatively high center-console panel temperatures, which would
shift the right thigh segment above its neutral band. In the evaluated
validation setting, the center-console panel was therefore limited to
approximately 40 °C, while the remaining radiant panels and the con-
vective setpoints were kept at the optimized values. This local restriction
slightly reduces equivalent temperature at the upper legs but preserves
near-neutral comfort across the remaining segments.

Fig. 7 shows the measured steady-state equivalent temperatures for
both seating configurations at —10 °C. For each of the sixteen body seg-
ments, the points represent stationary f.q values and the shaded bands
indicate the corresponding Nilsson neutral ranges. For both driver and
relax posture, the majority of segments lie within or very close to the
neutral zone. Slight underheating appears mainly at exposed extremi-
ties such as feet and hands, whereas no segment enters the “too warm”
region. The comparison with the neutral bands confirms that the op-
timized operating points achieve near-neutral local comfort for both
seating positions in cold conditions within the investigated grid.
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Fig. 8. Measured segmental equivalent temperatures in the summer validation scenario at +28 °C for driver and relax seating positions using the enveloping air-
distribution concept. Upper-body segments are maintained near neutral or slightly cool conditions.

6.1.2. Summer scenario: +28 °C

In the summer scenario, radiant heating is deactivated and the
optimization selects convection-only settings that balance cooling in-
tensity against draft risk. The optimized actuator values are listed
in Table 7. Again, the enveloping air-distribution concept is se-
lected, together with moderately cool outlet temperatures and fan
speeds.

The measured equivalent temperatures for these settings are shown
in Fig. 8. For both seating positions, upper-body segments are kept in
the neutral or slightly cool range, while lower-body segments remain
somewhat warmer. This is consistent with the target of a slightly cooler
sensation at head and torso in warm environments. Extremities such
as head and hands show somewhat larger deviations from neutrality but
remain within acceptable comfort limits for the investigated steady-state
conditions without solar gains.

6.1.3. Transitional scenario: +16 °C

At +16 °C, the comfort-energy trade-off changes qualitatively. Both
hybrid convective-radiant and convection-only solutions are feasible
within the investigated grid, and Table 7 therefore lists both operating
modes. Fig. 9 compares the measured equivalent temperatures for the
hybrid and convection-only settings.

The hybrid configuration yields slightly higher equivalent tempera-
tures in some lower-body segments, but both operating modes remain
within acceptable comfort ranges. The segmental comfort differences are
therefore small. From a control perspective, this scenario forms a break-
even region in which radiation no longer provides a commensurate
comfort benefit.

6.2. Electrical power demand and range impact

The electrical power demand of the HVAC system is evaluated
for the optimized neutral-comfort configurations in the three ambient
scenarios. For each configuration, the required thermal power of the con-
vective system and the radiant panels is combined with scenario-specific
coefficients of performance to obtain the corresponding electrical power
and the resulting WLTP range for the reference cycle. Consistent with the
underlying vehicle and heat-pump model, COP or EER values of 2.3, 2.7,
and 3.5 are used for ambient temperatures of —10 °C, +16 °C, and +28 °C,
respectively. For the resistive radiant panels, electrical input power is

12

used consistently as the energy-relevant quantity for the range assess-
ment. The effective heat gain to the cabin depends on radiative exchange
and thermal losses. Even if the absolute range values depend on the as-
sumed scenario-specific efficiency factors, the qualitative conclusion is
unchanged within the present dataset: around +16 °C, additional radiant
activation causes a clear electrical-power penalty while producing only
marginal comfort gains.

6.2.1. Winter and summer scenarios

Table 8 summarizes the thermal powers, electrical HVAC power, and
resulting WLTP range for the winter and summer validation configura-
tions. At —10 °C, the hybrid architecture combines substantial convective
thermal power with additional radiant input. The total electrical HVAC
power lies between 3.60 and 3.84 kW, leading to WLTP ranges of 63.40
and 64.78 km for driver and relax posture, respectively.

At +28 °C, radiant panels are inactive and only convective cooling
is used. The higher cooling efficiency reduces the electrical power de-
mand to 0.53 and 0.60kW, yielding WLTP ranges of 88.29 and 87.57 km.
Comparing winter heating and summer cooling, more than six times as
much electrical power is required at —10 °C to maintain neutral com-
fort than at +28 °C. This contrast is conservative for summer operation
because the present climate-chamber conditions exclude solar gains.

6.2.2. Transitional scenario: +16 °C

At +16 °C, the energy—comfort trade-off becomes the dominant
engineering result of the study. For both seating positions, neutral ther-
mal comfort can be achieved with and without active radiant panels.
However, the energy demand differs strongly between the two modes.

For the driver position, the convection-only configuration requires a
convective thermal power of 1.37kW and an electrical HVAC power of
0.51 kW, resulting in a WLTP range of 88.50 km. The hybrid configuration
increases the convective thermal power to 1.98 kW and adds 1.32kW
of electrical radiant power, leading to a total electrical HVAC power
of 2.05kW and a WLTP range of 74.81 km. For the relax position, the
same pattern is observed: convection-only operation yields 0.50 kW total
HVAC electrical power and 88.61 km WLTP range, whereas the hybrid
mode yields 2.17 kW and 73.91 km, respectively.

Thus, activating radiant heating at +16 °C increases the electrical
HVAC power from roughly 0.5kW to roughly 2.1kW for both pos-
tures and causes a WLTP range penalty on the order of 15-17%, while
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Fig. 9. Measured segmental equivalent temperatures at +16 °C ambient temperature for hybrid convective-radiant and convection-only settings in driver and relax
seating positions using the enveloping air-distribution concept. Both modes achieve acceptable comfort, with only minor differences between segments.

Table 8

Thermal powers, electrical HVAC power and resulting WLTP range for
neutral thermal comfort in the winter (—10 °C) and summer (+28 °C)
validation scenarios.

Scenario Seat Py conv Pamr  COP Py Pgr  Range
[kw]l  [kw] [-] [kW]  [kW] [km]
Winter —10 °C Driver 5.87 1.29 23 2.55 1.29 63.40
Winter —10 °C Relax  6.37 0.82 23 277 0.82 6478
Summer +28 °C  Driver 1.87 0.00 3.5 0.53 0.00 88.29
Summer +28 °C  Relax  2.11 0.00 3.5 0.60 0.00 87.57

the measured segmental comfort differences remain small. This iden-
tifies +16 °C as a transitional break-even region in which convection
alone is already sufficient to achieve near-neutral comfort. From an
actuator-prioritization perspective, radiant heating should therefore be
reserved for clearly cold conditions and suppressed once neutral comfort
is reachable by convection.

6.3. Surrogate-model accuracy and robustness

The following results quantify the predictive accuracy of the forward
surrogate models for the sixteen segmental equivalent temperatures fqq
and delimit their domain of validity. These metrics do not constitute the
primary engineering result of the study, but they provide methodological
support for the surrogate-based search described above.

6.3.1. Pooled intra-scenario cross-validation (interpolation)

Table 9 reports pooled intra-scenario 5-fold cross-validation results
for predicting the sixteen steady-state segmental equivalent tempera-
tures. The XGBoost surrogate achieves the highest interpolation accu-
racy, with R? values in the range 0.96-0.99 and MAE between 0.71 and
1.04K, corresponding to a mean R? of 0.978 and a mean MAE of 0.856 K.
Random Forest provides slightly lower accuracy, with mean R? = 0.949
and mean MAE = 1.411K. The linear regression baseline remains com-
petitive but clearly inferior to the tree-based ensembles, with mean
R? = 0.872 and mean MAE = 2.248 K. The baseline result indicates that
a substantial fraction of the mapping is approximately linear, whereas
non-linear interactions are required for sub-Kelvin surrogate accuracy.

The use of ensemble-based surrogate models should be interpreted
against the specific requirements of the comfort-constrained setpoint
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Table 9

Pooled intra-scenario cross-validation performance for forward prediction of
the sixteen stationary segmental equivalent temperatures f., from scenario,
posture, air-distribution concept, and actuator setpoints. Range/mean val-
ues summarize variability and overall performance across folds, scenarios,
and body segments.

Model R? (range / mean) MAE [K] (range / mean)

XGBoost
Random Forest
Linear regression (baseline)

0.96-0.99 / 0.978
0.92-0.97 / 0.949
0.74-0.93 / 0.872

0.71-1.04 / 0.856
1.11-1.93 / 1.411
1.81-3.05 / 2.248

search rather than against large-data predictive modeling in general.
The underlying task is to approximate a mixed discrete-continuous map-
ping from ambient scenario, seating posture, air-distribution concept,
and multiple continuous actuator settings to sixteen coupled segmental
equivalent-temperature responses. Simple grid interpolation is of lim-
ited practical value in this setting because the operating space combines
categorical mode changes with non-linear actuator interactions across
body regions. The linear regression baseline confirms that a substan-
tial share of the mapping is approximately linear, but its mean absolute
error of 2.248K approaches the width of the Nilsson neutrality bands,
which are typically 3-5K wide per segment. At this error level, a sig-
nificant fraction of candidate operating points would be misclassified
as comfort-feasible or infeasible during the constrained search. The
XGBoost surrogate reduces this error to 0.856K and thereby provides
the prediction headroom required for reliable segment-level constraint
checking across sixteen simultaneous targets. Machine learning is there-
fore employed here as a compact non-linear surrogate for fast screening
of candidate operating points within the measured space, not as a claim
of superior extrapolation beyond it.

6.3.2. Stress tests: input-noise sensitivity and leave-one-scenario-out
extrapolation

To bound sensitivity to perturbed inputs, Gaussian noise with ¢ =
1K is injected into the continuous inputs in original feature space
before preprocessing, and the increase in MAE is evaluated across
Monte-Carlo trials. Random Forest shows the strongest robustness with
AMAE ., = 0.633K (sd 0.104K), followed by the linear baseline with
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AMAE .., = 1.626K and XGBoost with AMAE_ .., = 1.977K. This re-
veals a clear trade-off: XGBoost yields the lowest interpolation error,
whereas Random Forest is least sensitive to input perturbations.

A leave-one-scenario-out evaluation is used as a controlled extrapo-
lation stress test across climate conditions. When one ambient scenario
is withheld entirely during training, the performance drops markedly.
XGBoost reaches RZ = = 0.318 and MAE.,,, = 4.043K, Random Forest
reaches R2, = 0.239 and MAE,.,, = 4.369K, and the linear baseline
reaches R2 = —0.143 and MAE.,, = 4.939K. The surrogate models
are therefore reliable for interpolation within the measured operating
space, but genuine scenario extrapolation remains limited and is treated

as a scope limitation of the present dataset.

7. Discussion

This section interprets the experimental and modeling results with
regard to thermal comfort and electrical HVAC power in hybrid
convective-radiant systems for Level-4 battery-electric vehicles. The
main emphasis is placed on the scenario-dependent comfort-energy
trade-off and the resulting actuator-prioritization rules. The role of the
forward surrogate is then discussed as a methodological enabler for
steady-state setpoint selection within the measured operating space.
Finally, implications, limitations, and directions for future work are
outlined.

7.1. Energy—comfort trade-offs across ambient scenarios

The results show that the comfort-energy relationship of the inves-
tigated hybrid HVAC architecture is strongly scenario dependent. In the
winter case at —10 °C, the combination of convection and infrared radi-
ation reduces underheating in distal body regions and supports a more
homogeneous segmental equivalent-temperature distribution without
requiring excessively high convective outlet temperatures. This behavior
is physically plausible because radiant heating can compensate for cold
surrounding surfaces and stratification effects, especially in lower-body
regions, and is consistent with previous work on radiant and contact-
related comfort concepts in cold vehicle environments [4,51,53]. In
energy terms, the corresponding hybrid operating points require about
3.6-3.8 kW electrical HVAC power and reduce the WLTP range to ap-
proximately 63-65km in the investigated reference cycle (Table 8). The
strong winter penalty relative to summer operation reflects the well-
known dominance of heating loads in battery-electric vehicles under
cold ambient conditions [25].

The sensitivity of these estimates to the assumed COP values can
be bounded qualitatively. If the winter COP were varied from the as-
sumed 2.3 to a plausible range of 1.8-2.8, the convective electrical power
would change by approximately +15-20% relative to the reported values,
shifting the estimated WLTP range by a corresponding margin. The qual-
itative conclusion that winter hybrid operation requires several times
the electrical power of summer convection-only cooling remains robust
across this range. At +16 °C, the dominant energy penalty arises from
the resistive radiant panels, whose electrical input power is measured
directly and does not depend on the COP assumption. Even a substan-
tial COP variation at +16°C therefore does not alter the finding that
hybrid operation approximately quadruples the electrical HVAC power
demand relative to convection-only operation. The reported energy
comparisons should be interpreted as order-of-magnitude engineering
estimates whose relative ranking across scenarios and operating modes
is stable, even though the absolute values depend on the specific COP
assumptions.

At +16 °C, the trade-off changes qualitatively and yields the strongest
practical design finding of the study. In this transitional regime, convec-
tion - only operation already achieves near-neutral segmental equivalent
temperatures, whereas additional radiant activation increases electrical
HVAC power substantially without producing a commensurate comfort
benefit (Fig. 9). The quantitative comparison shows that the convection-
only mode requires only about 0.5 kW electrical HVAC power, whereas
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the hybrid mode requires about 2.1 kW, corresponding to a WLTP range
penalty on the order of 15-17% for both seating positions. The tran-
sitional case therefore acts as a break-even region in which hybrid
operation becomes energetically unfavorable despite acceptable comfort
in both modes. This result is particularly important because it shows
that radiant heating is not a universally beneficial comfort actuator.
Instead, it should be actively suppressed once neutral comfort is already
reachable by convection.

In the summer scenario at +28 °C, radiant panels remain inactive
and the relevant control levers are outlet-air temperature, blower speed,
and air-distribution concept. The optimized configurations keep upper-
body segments slightly cool and lower-body segments closer to neutral
(Fig. 8), which is consistent with reported preferences for stronger cool-
ing at the face and upper torso in warm environments [3,66]. The
electrical HVAC power of about 0.5-0.6 kW yields WLTP ranges of ap-
proximately 87-88km in the investigated reference cycle (Table 8).
Because the climate-chamber setup does not include solar gains, this
summer assessment is conservative and likely underestimates real-world
cooling demand [66].

Taken together, the scenario comparison shows that hybrid HVAC ar-
chitectures should not be interpreted as uniformly advantageous across
all operating conditions. In clearly cold environments, radiant elements
are an effective complement to convection, especially for lower-body
comfort. In moderate environments, convection-only operation is ener-
getically preferable once acceptable comfort has been reached. In warm
environments, radiant elements are unnecessary and the design space is
dominated by convective cooling and draft management.

7.2. Selective use of radiant heating and actuator prioritization

Across scenarios, the results support a clear actuator-prioritization
rule set. Radiant heating is most useful in clearly cold conditions, where
it can selectively raise lower-body t. levels that are difficult to stabilize
with convection alone without causing upper-body overheating. This is
especially relevant for feet, lower legs, and adjacent torso regions, where
purely convective heating often remains limited by stratification and
comfort constraints at the head.

At +16 °C, the energetic cost of radiant actuation dominates because
convection alone already provides near-neutral conditions. Radiant
heating should therefore be treated as a winter-focused actuator and
should be deactivated in transitional and warm conditions unless specific
boundary conditions, such as severe cold-surface asymmetry or limited
convective capacity, make local radiant support necessary.

The bench geometry also indicates that the placement and zoning of
radiant elements matter at least as much as their activation. Panels ad-
dressing the lower body, such as the footwell and lower lateral regions,
contribute most directly to mitigating distal underheating. In contrast,
strong radiation into upper cabin regions can shift the head and upper
torso toward overheating. The present findings therefore support a de-
sign strategy that concentrates radiant support on lower-body regions
while using convective flow shaping to avoid hot-air accumulation near
the head [48,49].

7.3. Interpretation of the forward surrogate framework

From a modeling perspective, the present framework is best inter-
preted as a forward surrogate for steady-state setpoint evaluation. The
model predicts the sixteen stationary segmental equivalent temperatures
from scenario descriptors and actuator settings and thereby allows can-
didate operating points to be screened rapidly against local comfort
constraints. This is useful for control-oriented analysis because a large
number of feasible and infeasible candidates can be evaluated without
repeated climate-chamber measurements.

A hierarchical classification-based formulation was initially consid-
ered because the three air-distribution concepts represent physically
distinct flow modes. For the final manuscript, however, the problem
was simplified to a direct forward-surrogate formulation in which the
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air-distribution concept is retained as a discrete operating variable and
evaluated by direct enumeration within the constrained setpoint search.
This avoids additional classifier complexity for the present steady-state
interpolation task while preserving the physically distinct operating
concepts.

Within the represented operating space, the surrogate performs
strongly (Table 9). The cross-validation results confirm that a substantial
part of the mapping is approximately linear, but non-linear interactions
are required for sub-Kelvin accuracy.

At the same time, the robustness analyses clarify the model’s scope.
The Monte-Carlo input-noise test shows that Random Forest is least
sensitive to perturbed inputs, whereas XGBoost is more accurate but
also more noise-sensitive. More importantly, the leave-one-scenario-out
stress test reported in Section 6.3 shows a pronounced drop in perfor-
mance when an entire ambient scenario is withheld during training.
The surrogate should therefore be interpreted primarily as an interpola-
tion model within the measured scenario space rather than as a general
climate-extrapolation model. This does not invalidate the present study,
but it limits the domain of application and implies that deployment to
additional climates requires explicit data coverage, targeted retraining,
or additional physics-based constraints.

The main methodological value of the surrogate is therefore not that
it replaces physical understanding, but that it makes the experimen-
tally observed comfort landscape computationally accessible. It enables
systematic screening of discrete operating concepts and continuous ac-
tuator settings under segment-level comfort constraints and thereby
supports engineering decisions about when hybrid operation is justified
and when it is not.

7.4. Implications for HVAC setpoint selection in level-4 electric vehicles

The combination of hybrid hardware, segmented equivalent - tem-
perature measurement, and surrogate-based evaluation has direct impli-
cations for HVAC design and operation in Level-4 battery-electric cabins.
First, the results show that comfort targets defined by segmented ., are
practically attainable in a repeatable bench environment with a limited
actuator set, which supports DIN EN ISO 14,505-2 as a useful engineer-
ing reference for non-uniform automated cabins [14]. The present work
should therefore not be understood as proposing a validated cabin con-
troller but as providing a structured engineering basis for identifying
preferred steady-state operating regions and actuator combinations.

Second, the results suggest a scenario-dependent setpoint-selection
logic rather than a generic comfort-maximization strategy. Ambient con-
dition and use case should first delimit the admissible mode space, for
example by deciding whether radiant support is necessary at all. Within
that restricted operating space, actuator settings can then be selected by
evaluating candidate points with the forward surrogate and minimiz-
ing electrical HVAC power subject to segment-level comfort constraints.
In this sense, the work supports discrete mode selection combined with
constrained setpoint search, rather than a broadly generalized real-time
control claim.

In a practical implementation, the present surrogate would most nat-
urally serve as a supervisory steady-state layer within a hierarchical
control architecture. Such an architecture would use the surrogate to
preselect admissible operating modes and to initialize energy-aware set-
points, while dedicated lower-level controllers handle transient HVAC
dynamics, actuator tracking, and battery constraints. Outside quasi-
steady phases or outside the experimentally covered domain, fallback
logic or physics-based models would remain necessary.

Third, lower-body comfort emerges as a key driver of radiant useful-
ness in cold conditions. This is especially relevant for Level-4 cabins
because more relaxed postures and non-driving-related use cases al-
ter body posture and exposure patterns compared with conventional
driver-focused seating [23,42,63]. The present results therefore con-
nect the Level-4 use case not merely to a different seat geometry,
but to a different thermal-control priority structure in which local
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non-uniformity becomes more important than in conventional driver-
focused cabins.

7.5. Methodological considerations and limitations

The conclusions of the present study are bounded by the experimen-
tal scope, the dataset structure, and the modeling assumptions.

« Steady-state scope. The dataset consists of quasi-steady climate-
chamber operating points and does not represent entry transients,
pull-down, warm-up, solar load build-up, or rapidly changing
boundary conditions. The present framework should therefore
be interpreted as a steady-state sizing and setpoint-selection tool
within the measured operating space, not as a validated real-time
cabin controller for arbitrary driving situations [3,33].

Restricted climate coverage and extrapolation limits. Only
three fixed ambient scenarios and two seating postures are covered.
As shown by the leave-one-scenario-out stress test, scenario-level
extrapolation to unseen climates remains limited. The surrogate
is therefore reliable primarily within the represented operating
space, while broader deployment requires additional experimental
coverage or model adaptation.

Occupant realism and subjective validation. The climate
dummy represents one 50th-percentile male geometry with fixed
clothing and constant metabolic assumptions. It provides an objec-
tive and spatially resolved comfort-oriented engineering reference,
but unlike real occupants it does not reproduce human thermo-
physiological regulation [16,18,45]. In Level-4 use cases, this limi-
tation is compounded by posture shifts and changing usage patterns
that alter body posture and exposure conditions [23,63]. Real occu-
pants exhibit thermoregulatory responses, behavioral adaptation,
and inter-individual variability in subjective perception that the
constant-temperature manikin cannot replicate. Prior studies have
shown that manikin-based equivalent temperatures correlate well
with group-mean thermal sensation under controlled conditions,
but individual responses can deviate substantially. The present re-
sults should therefore not be interpreted as a substitute for human-
subject validation but as identifying comfort-feasible operating
points in an objective benchmark sense, whereas occupant-facing
comfort claims require dedicated human-subject data.

Solar radiation and additional real-world boundary condi-
tions. Solar gains, glazing asymmetries, and systematically varied
humidity or latent loads are not included as independent design
variables in the experimental design. In real cabins, solar radiation
and glazing effects can substantially alter mean radiant tempera-
ture fields and cooling demand [66]. The transfer of the reported
summer findings to sun-exposed vehicle operation should therefore
be made with caution.

Seat contact and conductive heat transfer. The comfort
assessment is based on equivalent temperature according to
DIN EN ISO 14,505-2 and therefore focuses on convective and
radiative heat exchange. Conductive heat transfer at seat contact
regions is not modeled as an active control path in the present
concept and is not resolved separately as a control variable. This
may affect local comfort interpretation in back and pelvis contact
regions [58].

Simplified COP assumptions. The energy model uses fixed
scenario-specific COP and EER values rather than operating-point-
dependent heat-pump efficiency maps. In real vehicle systems,
compressor efficiency varies with refrigerant conditions, ambient
temperature, and thermal load. The reported electrical-power and
WLTP-range values are therefore valid for relative mode com-
parison within the present study but do not substitute for a full
vehicle-level energy simulation with transient battery interaction
and road-load coupling.
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7.6. Outlook

A direct next step from a control perspective is not merely to increase
predictive complexity but to embed the present steady-state surrogate
into a hierarchical control architecture. In such an architecture, the
surrogate would provide mode preselection and comfort-feasible set-
point candidates on a slower supervisory horizon, whereas transient
thermal dynamics, actuator tracking, and disturbance rejection would
be handled by dedicated dynamic controllers or physics-based predic-
tive models. The present work provides the necessary offline component
for such an architecture, while the online component remains to be
developed.

A necessary further step is targeted human-subject validation under
selected winter and transitional steady-state conditions to quantify how
reliably the manikin-based neutrality criterion predicts subjective local
and global comfort under combined convective-radiant operation. Such
validation is particularly important for Level-4 scenarios, where posture,
task, and passive exposure duration may systematically alter the relation
between objective thermal state and perceived comfort. Combining the
present objective framework with subjective human feedback and physi-
ological proxies would also support hybrid objective-subjective comfort
models for future cabin applications [6,22].

At the hardware level, the results already indicate that further opti-
mization of radiant-panel placement and zoning, especially for lower-
body support in cold conditions, is likely more valuable than broad
activation of radiant elements across all climates.

8. Conclusion

This study developed and evaluated a data-driven steady-state
setpoint-selection framework for a hybrid convective-radiant HVAC
concept in a Level-4 battery-electric vehicle cabin. The contribution is
not a general real-time HVAC control strategy but a scenario-specific
engineering tool for identifying comfort-feasible operating points and
actuator-prioritization rules within the experimentally represented oper-
ating space. Climate-chamber experiments were conducted in a vehicle-
like front-cabin mock-up at three ambient temperatures (—10 °C, +16 °C,
and +28 °C), two seating postures, and three air-distribution concepts.
Local thermal conditions were quantified by segmental equivalent tem-
peratures fq in sixteen body zones, mapped to the Nilsson comfort zones,
and used to train forward surrogate models that predict stationary seg-
mental 7., values from scenario descriptors and actuator settings. The
trained surrogate was then embedded in a constrained search over the
admissible actuation space to identify comfort-feasible operating points
with minimum electrical HVAC power.

« A structured steady-state dataset was generated across three am-
bient scenarios, two seating postures, and three air-distribution
concepts, covering hybrid convective - radiant heating as well
as convection-only operation. The dataset links actuator settings
such as outlet-air temperature, fan speed, and radiant-panel tem-
peratures to sixteen segmental 7., responses and corresponding
electrical HVAC power.

Forward surrogate models based on Random Forest and XGBoost
predicted the sixteen stationary segmental .4 values with high ac-
curacy in pooled intra-scenario cross-validation. XGBoost achieved
a mean R®> = 0.978 and a mean MAE = 0.856K, outperform-
ing Random Forest (R> = 0.949, MAE = 1.411K) and a linear
regression baseline (R?> = 0.872, MAE = 2.248K). The leave-one-
scenario-out stress test showed a pronounced loss in extrapolation
performance, indicating that the surrogate is reliable primarily for
interpolation within the represented operating space. Monte-Carlo
input perturbations further showed a trade-off between accuracy
and robustness, with Random Forest being least sensitive to input
noise.

Comfort-feasible and energy-minimal operating points were de-
rived and validated experimentally for winter, transitional, and
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summer conditions as well as for both seating postures. At —10 °C,
hybrid operation with enveloping air distribution, moderate outlet-
air temperature, and elevated radiant-panel temperatures achieved
near-neutral segmental conditions for most body zones, with re-
maining deviations mainly at exposed extremities. At +28 °C,
convection-only cooling maintained neutral or slightly cool upper-
body conditions without activating radiant panels. At +16 °C, both
convection-only and hybrid solutions remained within acceptable
comfort bands, with only minor segmental differences between
modes.

The strongest practical result of the study is the scenario-dependent
actuator prioritization. In winter, radiant support is beneficial
because it helps stabilize lower-body and torso comfort without
excessive convective heating. In summer, radiant actuation is un-
necessary. In transitional conditions at +16 °C, activating radiant
heating increased electrical HVAC power from roughly 0.5kW in
convection-only operation to roughly 2.1kW in hybrid operation
for both postures, causing a WLTP range penalty on the order of
15-17% while yielding only marginal comfort improvement. This
identifies a clear break-even region in which radiant heating be-
comes energetically unfavorable and should be suppressed. From
an implementation perspective, the present surrogate is most suit-
able as a supervisory decision-support layer for mode selection
and setpoint initialization within future dynamic HVAC control
architectures.

Taken together, the results show that hybrid HVAC systems
in Level-4 battery-electric cabins should be operated selectively
rather than uniformly. Radiant actuation should be reserved for
clearly cold conditions, especially to support lower-body com-
fort, whereas convection-only operation is preferable in mild and
warm conditions once acceptable segment-level comfort has been
achieved. The present contribution should accordingly be inter-
preted as a steady-state engineering basis for comfort-constrained
mode selection and setpoint definition, and the reported comfort-
feasible operating points remain objective engineering results
that require confirmation by human-subject data before broader
occupant-comfort claims can be made.
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