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 A B S T R A C T

Achieving thermal comfort while maintaining energy efficiency is a critical objective in building 
control. Conventional thermal comfort models, such as the Predicted Mean Vote (PMV), rely on 
both environmental and personal variables. However, the use of fixed-location sensors limits the 
ability to capture spatial variability, thereby reducing the accuracy of occupant-specific comfort 
estimation. To address this limitation, this study proposes a new PMV estimation method 
that utilizes spatial environmental data reconstructed using the Gappy Proper Orthogonal 
Decomposition (Gappy POD) algorithm. In addition, a novel control framework based on group 
PMV is developed to represent the thermal comfort of multiple occupants. The Gappy POD 
method enables fast and accurate reconstruction of indoor temperature fields from sparse sensor 
measurements. Using these reconstructed fields and occupant location data, spatially resolved 
PMV values are calculated. Group-level thermal conditions are then derived through statistical 
aggregation methods and used to control indoor temperature in a multi-occupant living lab 
environment. Experimental results show that the Gappy POD algorithm achieves an average 
relative error below 3% in temperature reconstruction. PMV distributions varied by up to 1.26 
scale units depending on occupant location. Moreover, thermal satisfaction outcomes varied 
depending on the group PMV method employed. These findings underscore the importance 
for adaptive thermal control strategies that incorporate both spatial and individual variability, 
offering valuable insights for future occupant-centric building operations.

1. Introduction

To address the growing demands for sustainable architecture, energy efficiency, and enhanced occupant comfort, the devel-
opment of advanced HVAC control strategies has become a critical focus in the field of architectural engineering. In particular, 
the information of occupant thermal comfort is considered a key factor in improving both occupant well-being and building energy 
performance [1–3]. With the increasing adoption of intelligent buildings, there is growing interest in quantitatively assessing thermal 
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 Nomenclature
 Acronyms
 AI Artificial Intelligence  
 CFD Computational Fluid Dynamics  
 CNN Convolutional Neural Network  
 DNN Deep Neural Network  
 FPS Frames per Second  
 POD Proper Orthogonal Decomposition  
 Gappy POD Gappy Proper Orthogonal Decomposition  
 MAE Mean Absolute Error  
 ML Machine Learning  
 PMV Predicted Mean Vote  
 SVD Singular Value Decomposition  
 TSV Thermal Sensation Vote  
 Symbols
 RH Relative humidity (%)  
 𝑇AIR Air temperature (◦C)  
 𝑇MRT Mean radiant temperature (◦C)  
 𝑇SET Setpoint temperature  
 𝑉AIR Air velocity (m/s)  
 M Metabolic rate (met)  
 𝐼𝑐𝑙 Clothing insulation (clo)  
 PMVMEDIAN Median value of PMV data  
 PMVWA Weighted average value of PMV data  
 PMVMAD Mean absolute deviation value of PMV data 
 𝑿 Snapshot matrix  
 𝒙 High-dimensional state vector  
 𝒙̂ POD coefficients  
 𝒙𝑟𝑒𝑓 Reference state vector  
 𝜱 POD basis matrix  
 𝑼 Left singular vectors  
 𝜮 Singular values matrix  
 𝑽 Right singular vectors  
 𝒁𝑇 Sampling matrix  
 𝑛𝑠 Number of POD basis vectors  
 𝑛𝑟 Number of measurement points  
 † Moore–Penrose inverse of a matrix  

comfort and integrating it as a core parameter in building operations [4–6]. As a result, various methods for assessing thermal 
comfort have been developed over time [7–11]. Thermal comfort is determined by a complex set of factors, including indoor 
environmental conditions, dynamic personal characteristics, and psychological responses. Early thermal comfort models primarily 
focused on environmental variables due to technological limitations. Over time, however, these models have been extended to 
incorporate personal factors, grounded in the human heat balance equation [8,12].

There are various models for assessing thermal comfort, and they continue to evolve to improve their accuracy. Among them, 
this study employed the Predicted Mean Vote (PMV), which has been consistently used as an international standard [7]. The PMV 
model incorporates four environmental variables indoor air temperature (TAIR), relative humidity (RH), mean radiant temperature 
(TMRT), and air velocity (VAIR) as well as two personal factors. Accurately accounting for these input variables can enhance the 
predictive accuracy of PMV [13]. The PMV value is expressed on a 7-point integer scale: −3 (cold), −2 (cool), −1 (slightly cool), 0 
(neutral), +1 (slightly warm), +2 (warm), and +3 (hot). A PMV of 0 represents thermal neutrality, and a PMV range of −0.5 to +0.5
is generally considered thermally comfortable for approximately 90% of people [12].

In earlier applications, the primary limitation of using PMV for building control was the difficulty of obtaining accurate personal 
factors. Due to technological limitations, personal factors were traditionally estimated using fixed or assumed values [12,14]. 
However, recent advances in image-based AI and activity recognition now enable non-intrusive, real-time estimation of occupants’ 
metabolic rates and clothing insulation [15–20]. These developments now allow for more accurate and individualized PMV 
calculations based on real-time personal data.

Another key limitation in thermal comfort estimation lies in the measurement of environmental variables. While real-time 
environmental data are essential for accurate PMV calculations, discrepancies between sensor locations and actual occupant positions 
can significantly compromise the reliability of thermal comfort estimation. In typical buildings, sensors are installed at fixed points, 
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and their readings are often assumed to represent the conditions of the entire space. However, previous studies have demonstrated 
that factors such as system layout, building geometry, and surrounding objects can cause considerable spatial variation in thermal 
conditions [21,22]. Consequently, thermal sensation may vary depending on an occupant’s location, and such discrepancies become 
more pronounced in cases of localized heating or cooling. To improve the accuracy of thermal comfort assessments, it is therefore 
necessary to incorporate environmental data that reflect the occupant’s actual position [22,23].

However, deploying a high density of sensors around occupants in real building environments poses significant economic and 
technical challenges, making it impractical for application in typical indoor spaces outside of laboratory settings. To overcome these 
limitations in sensor deployment, recent studies have increasingly applied Digital Twin technologies that can predict and reconstruct 
environmental data by accounting for the complex physical characteristics of building spaces [24–27].

Among Digital Twin-based environmental prediction approaches, physics-based simulations using Computational Fluid Dynam-
ics (CFD) and data-driven models based on Machine Learning (ML) have been most widely employed [28–30]. CFD enables 
high-resolution analysis of airflow and temperature distributions within indoor spaces, making it useful for capturing detailed 
environmental characteristics. However, its application in real-time scenarios and large-scale buildings is limited due to the 
complexity of model setup, the difficulty of defining boundary conditions, and the high computational cost. ML-based models, on the 
other hand, are capable of learning and predicting nonlinear and high-dimensional patterns from environmental data. Nevertheless, 
they typically require large training datasets and extensive hyperparameter tuning to achieve high performance. These constraints 
limit their applicability across diverse domains and varying environmental conditions.

Therefore, a faster and more efficient data reconstruction method is required for real-time environmental monitoring applicable to 
building control. To address this, data reconstruction algorithms that estimate full spatial environmental fields from a limited number 
of sensors have been introduced [31,32]. A representative technique in this context is the Gappy Proper Orthogonal Decomposition 
(Gappy POD) algorithm, which has been widely adopted as a prominent approach for reconstructing missing data from spatially 
sparse measurement (gappy data) [33–35]. By extracting dominant patterns through principal component decomposition, Gappy 
POD effectively infers unmeasured values. Its computational efficiency and stability make it particularly suitable for real-time 
applications in building environments. Data reconstruction algorithms provide access to spatially non-uniform indoor environmental 
information, enabling localized assessment of the conditions surrounding each occupant. This spatial resolution offers the potential 
for more accurate and individualized thermal comfort evaluation.

In addition, PMV model is designed to evaluate the thermal comfort of individual occupants. As a result, many previous studies 
that use PMV as a control variable have focused on single-occupant environments. In real-world multi-occupant settings, where a 
single HVAC system serves a shared space, it is inherently difficult to satisfy the thermal preferences of all occupants simultaneously. 
To improve overall comfort in such environments, a representative value of thermal comfort that reflects multiple occupants must 
be provided as a control variable for the HVAC system. However, studies that incorporate such metrics into building control remain 
limited, and a standardized methodology for representing group thermal comfort indices is still lacking.

Therefore, there is a pressing need to develop control strategies that leverage a representative thermal comfort index tailored for 
multi-occupants. This study aims to address this need by enhancing PMV estimation accuracy through real-time reconstruction of 
indoor environmental data and by evaluating the effectiveness of control strategies based on the actual PMV of multiple occupants. 
To this end, the Gappy POD algorithm is used to reconstruct spatial indoor temperature fields, enabling the analysis of real-time 
PMV accuracy and its variation based on occupant location. A group PMV-based control experiment is conducted in a living lab 
environment with actual occupants, and the resulting thermal comfort levels are quantitatively analyzed according to different 
control strategies. Through this approach, the study demonstrates the effectiveness of using Gappy POD for real-time PMV estimation 
and highlights the potential of group PMV-based control strategies to improve thermal comfort in multi-occupant environments.

2. Methodology

2.1. Data reconstruction algorithm

The PMV assessment depends on two key inputs: accurately reconstructed environmental conditions at occupant locations and 
real-time estimates of personal factors. To infer environmental conditions at an occupant’s location, this study employs a data 
reconstruction algorithm that estimates spatial environmental fields from sparse sensor measurements.

Specifically, the Gappy POD method is adopted, a classical technique for reconstructing full-field data from limited observa-
tions [33–35]. This method relies on a linear subspace derived from a POD of snapshot data. POD reduces high-dimensional state 
data into a space with low-dimensional orthonormal basis using singular value decomposition (SVD), and approximates the full 
solution in this reduced space.

Once the POD basis is computed, Gappy POD reconstructs the full state using only partial measurements at selected spatial 
locations. The reconstruction is performed by estimating the POD coefficients (also known as generalized coordinates) that minimize 
the discrepancy between the measured and reconstructed values. Since the POD basis matrix is reused and only matrix–vector 
operations are needed, the method is computationally efficient and easy to implement.

In this study, Gappy POD is applied to indoor thermal data to reconstruct temperature fields from a limited number of sensors. 
This enables high-resolution estimation of the indoor thermal environment without the need for dense sensor deployment, forming 
the basis for the thermal comfort analysis and control strategies described in later sections.

It is demonstrated that Gappy POD achieves accurate spatial field reconstruction even with a small number of sensors, making 
it a suitable approach for indoor environmental monitoring.
3 
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The mathematical formulation of Gappy POD is as follows. The high-dimensional state 𝒙 ∈ R𝑁𝑠  is approximated using the POD 
basis 𝜱 ∈ R𝑁𝑠×𝑛𝑠  as: 

𝒙 ≈ 𝒙̃ = 𝒙𝑟𝑒𝑓 +𝜱𝒙̂, (1)

where 𝒙𝑟𝑒𝑓  is a reference solution and 𝒙̂ ∈ R𝑛𝑠  denotes the generalized coordinate (POD coefficient) in the reduced space, with 
𝑁𝑠 ≫ 𝑛𝑠. The POD basis is obtained by performing SVD on a snapshot matrix 𝑿, which contains data collected across various times 
and parameter conditions: 

𝑿 = 𝑼𝜮𝑽 𝑇 , (2)

where 𝑼 , 𝜮, and 𝑽  represent the left singular vectors, singular values, and right singular vectors, respectively. The first 𝑛𝑠 columns 
of 𝑼 are selected to construct the POD basis, yielding 𝜱 = [𝒖1,… , 𝒖𝑛𝑠 ]. When only sparse measurements are available, the POD 
coefficients 𝒙̂ are estimated by solving the following least-squares problem: 

𝒙̂ = argmin
𝒗̂∈R𝑛𝑠

‖𝒁𝑇 (𝒙 −𝜱𝒗̂)‖22, (3)

where 𝒁𝑇 ∈ R𝑛𝑟×𝑁𝑠  is a sampling matrix that extracts the rows corresponding to the measurement locations, 𝑛𝑟 is the number of 
measurement points, and 𝒁𝑇 𝒙 is the sparse measurement vector. This problem admits a closed-form solution: 

𝒙̂ = (𝒁𝑇𝜱)†𝒁𝑇 𝒙, (4)

where † denotes the Moore–Penrose inverse of a matrix. The reconstructed full state is then computed using Eq. (1). Note that (𝒁𝑇𝜱)†

is computed once and reused during reconstruction, which contributes to the overall computational efficiency of the method.

2.2. Thermal comfort evaluation

To estimate personal factors of PMV in real time, this study used the Personal Factor estimation model (PF model) developed 
based on the prior work of Choi et al. [6]. The PF model is a computer vision–based AI framework designed to estimate metabolic rate 
and clothing insulation from indoor image data in real time. The model integrates multiple neural network architectures including 
OpenPose, convolutional neural networks (CNNs), and Deep Neural Networks (DNNs) to simultaneously infer both metabolic rate 
and clothing insulation from a single image. A key advantage of the PF model is its ability to estimate individual personal factors 
for each occupant, even in multi-occupant environments.

The core process of the model consists of the following steps. First, individuals are detected from indoor images. Then, the 
detected person’s joint coordinates are extracted, and their posture is classified to estimate activity level. At this stage, the model is 
capable of detecting movement from continuously captured images of occupants and identifying real-time changes in their activities. 
Simultaneously, the model identifies the garments worn by the individual in the same image and classifies them to estimate clothing 
insulation. The model estimates metabolic rates for five activity levels, including 0.7 met (sleeping), 1.0 met (sitting), 1.2 met 
(standing), 1.7 met (walking), and 3.5 met (exercising). In addition, the model can detect 16 garments across categories such as 
top, bottom, outerwear, dress, and pajama, enabling the estimation of clothing insulation for over 34 clothing combinations.

The trained model was evaluated using experimental data obtained from the building occupants, achieving an average F1 score 
above 0.93, demonstrating high classification performance. Additionally, the applicability of the model was validated in real-world 
settings, where the mean absolute error (MAE) was 0.04 met for metabolic rate and 0.03 clo for clothing insulation [6]. These results 
confirm the model’s high feasibility for use in actual environments. Accordingly, this study employed the PF model to estimate 
personal factors for individual occupants. During the experiments, image data were collected at a rate of 2 frames per second (FPS), 
and personal factors were computed at 20-s intervals. For each interval, the mode value from the captured data was used as the 
representative estimate. Fig.  1 presents example images illustrating the PF model’s estimation outputs for activity level and clothing 
insulation used in this study.

While the PF model enables simultaneous estimation of personal factors for multiple occupants, controlling a shared HVAC 
system requires a single representative value that reflects the thermal comfort of all occupants. In this study, the conventional PMV 
metric is modified to derive such a representative value, which is then used as a control variable. To achieve this, three statistical 
aggregation methods are applied to compute group-level PMV values from individual thermal comfort data [36].

The first method, PMVMEDIAN, uses the median value of all individual PMV data. If the number of data points is odd, the central 
value is selected; if even, the average of the two middle values is used. This approach is less sensitive to outliers and effectively 
captures the central tendency of the distribution.

The second method, PMVWA, applies a weighted average technique, in which each individual PMV value is assigned a weight 
based on its relative importance. The weighted average is computed using Eq. (5), where 𝑛 denotes the number of individuals 
(i.e., the number of individual PMV values). Unlike the median-based approach, this method gives greater weight to PMV values 
associated with thermal discomfort, thereby incorporating the influence of outliers more deliberately. The weighting scheme is 
defined in Eq. (6). PMV values with absolute magnitudes less than or equal to 1 are considered to indicate relatively comfortable 
conditions and are assigned a weight of 1. For PMV values outside this range, the square of the PMV is used as the weight. This 
approach is based on the characteristic that the Predicted Percentage of Dissatisfied (PPD) increases nonlinearly with the square of 
the PMV, meaning that higher discomfort levels result in greater weights [37]. 
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Fig. 1. Examples of PF model outputs for estimating personal factors.

PMVWA =
∑𝑛

𝑖=1 𝑤𝑖 ⋅ PMV𝑖
∑𝑛

𝑖=1 𝑤𝑖
, (5)

where 

𝑤𝑖 =

{

1, if − 1.0 ≤ PMV𝑖 ≤ 1.0
PMV2

𝑖 , otherwise
(6)

The third method, PMVMAD, incorporates the mean absolute deviation (MAD) from the median to compute a representative 
group PMV. As shown in Eq. (7), the group PMV is calculated by adding the median of individual PMV values to the MAD, which is 
defined in Eq. (8), where 𝑛 is the number of individuals (i.e., the number of individual PMV values). This approach is informed by 
observations that, particularly during the heating season, occupants may still perceive the environment as comfortable even when 
PMV values are slightly lower than neutral [37,38]. In this study, the MAD value was added to the PMV median as a correction 
factor, yielding a higher representative value than the median alone. This adjustment was intended to bridge the gap between 
objective PMV-based estimates and occupants’ subjective thermal sensations. 

PMVMAD = PMVmedian +MAD, (7)

where 

MAD = 1
𝑛

𝑛
∑

𝑖=1

|

|

PMV𝑖 − PMVmedian
|

|

(8)

3. Experiments

3.1. Living lab

The living lab is located on the second floor of a research facility in Seoul, South Korea, with a total area of 14.80 m × 9.57 m. 
As shown in Fig.  2, the space consists of a control room and a living lab space. The living lab space occupies 11.1 m × 8.39 m and 
includes a living room, kitchen, two rooms, and a bathroom. It is designed as an independent space, physically separated from the 
control room. The experiment was conducted in the experimental space measuring 11.1 m × 3.96 m, which includes the kitchen 
and living room areas. The control room was used by the administrator to monitor and manage the experiment. The living lab space 
includes a main entrance and a connecting door to the control room, but no windows. The control room has its own entrance, and a 
window is installed along one side of the wall. The living lab is equipped with an LRD-N837T inverter-type HVAC system, installed 
5 
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Fig. 2. Overview of the living lab environment.

as a four-way ceiling cassette indoor unit. The system is located between the kitchen and living room, with a cooling capacity of 
8.3 kW and a heating capacity of 9.3 kW.

Sensors were installed in the experimental space to collect indoor environmental and image data. The environmental sensor 
module consisted of three types of sensors: sensors capable of measuring TAIR and RH, sensors for TMRT, and sensors for VAIR. For 
real-time data acquisition, a microcontroller unit composed of a Raspberry Pi and Arduino-based sensors was used. DHT 11 sensors 
were employed to measure TAIR, RH, and TMRT, while a three-cup anemometer was used to measure VAIR. To measure TMRT, the 
DHT 11 sensor was enclosed in a black globe. All sensors were calibrated prior to field deployment. Two individual sensor modules 
were installed at regular intervals on the front wall at a height of 1.2 m. This height was selected to collect environmental data that 
closely represent the conditions typically perceived by occupants in general workspaces during both seated and standing activities. 
Environmental sensor data were collected at 5-s intervals. In addition to the above sensor modules, approximately 200 temperature 
sensors were used solely during the thermal data collection phase for constructing the snapshot data for Gappy POD, with their 
deployment described in detail in Section 3.2.

To capture indoor images for occupant detection and personal factor estimation, webcams (Logitech C920) were used, recording 
at 2 FPS. Two cameras were installed at a height of 2 m, positioned to cover the left and right sides of the space. Additionally, an 
infrared transmitter was installed near the HVAC system to enable automatic control during the experiment. All sensor data were 
transmitted and stored in real time on a local server within the living lab.

3.2. Data acquisition

To obtain a training data set (i.e., snapshot data) for constructing the POD basis matrix, the living lab space (9.45 m × 3.2 m), 
excluding interior wall thickness and kitchen fixtures, was divided into a 9 × 22 grid. The row and column intervals were set to 
40 cm and 45 cm, respectively, resulting in a total of 198 grid points within the rectangular space, as shown in Fig.  3(a). Temperature 
sensors were installed at a height of 1.2 m at each grid point, as illustrated in Fig.  3(b). According to the coordinate axes in Fig. 
3(a), the row direction corresponds to the vertical (y-axis), and the column direction corresponds to the horizontal (x-axis). Each 
sensor measured temperature at 2-s intervals, and the data were continuously stored in a database.

Snapshot data were obtained across the temperature range that encompassed the heating system settings used during the thermal 
control experiments. Each snapshot scenario consisted of three stages of temperature control: an initial temperature, a first setpoint, 
and a second setpoint. The specific control sequence was as follows. First, after setting the initial temperature, the heating system 
operated for 10 min, followed by a 10-min off period. Next, the system was turned on for 15 min at the first setpoint temperature, 
and then switched to the second setpoint for another 15 min. Finally, the heating system was turned off and maintained in the off 
state for an additional 10 min. Thus, each scenario lasted for 60 min in total. The initial temperature was set to either 22 ◦C or 
23 ◦C, and the first and second setpoint temperatures were selected from the set {22 ◦C, 23 ◦C, 24 ◦C, 25 ◦C, 26 ◦C}. This resulted 
in a total of 2 × 5 × 5 = 50 parameter combinations.

For each scenario, data were collected during the last 2 min of three key time points: the first setpoint change, the second 
setpoint change, and immediately before the final heating system off time. A moving window average with a one-minute interval 
was applied to each period, resulting in 90 time-series samples per scenario. Consequently, each scenario yielded a two-dimensional 
snapshot array of size 90 × 198.
6 
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Fig. 3. Layout of the living lab.

Among the 50 total scenarios, 8 specific combinations – with initial temperatures of 22 ◦C or 23 ◦C, first setpoints of 23 ◦C or 
25 ◦C, and second setpoints of 23 ◦C or 25 ◦C – were used as the validation dataset. The remaining 42 scenarios were used as the 
snapshot dataset for constructing the POD basis matrix.

3.3. Experiment set-up

The participants consisted of four adults in their twenties—two males and two females. To minimize the effect of body mass 
index (BMI) on thermal sensation, only individuals within the normal BMI range (18.5 kg/m2 < BMI < 24.9 kg∕m2) were recruited. 
The average age of the participants was 25.5 years, and the mean BMI was 20.5 kg/m2. The experiment was conducted over three 
days, from January 20 to January 22, 2025, during the heating season. Each day, the experiments were held from 9:00 a.m. to 6:00 
p.m., including scheduled breaks.

Thermal control experiments were conducted by varying both the occupant’s spatial location and personal factors. The 
experimental design included four occupant scenarios (A–D), with personal factor conditions arranged into four cases to ensure 
that subjects experienced distinct thermal sensation levels in each case. As shown in Table  1, personal factors were categorized into 
7 
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Table 1
Personal factor conditions applied for the experiment.
 Case 1 2 3 4  
 Metabolic rate (met) 1.0 1.2 1.0 1.2 
 Clothing insulation (clo) 0.5 0.5 1.0 1.0 

Table 2
Subjects scenarios for the experiment.
 Scenario Subject 1 Subject 2 Subject 3 Subject 4 
 A Case 2 Case 3 Case 4 Case 1  
 B Case 1 Case 4 Case 1 Case 4  
 C Case 2 Case 1 Case 1 Case 4  
 D Case 3 Case 4 Case 4 Case 1  

Fig. 4. Thermal control sequence.

two levels for each variable, resulting in a total of four cases. Metabolic rate was classified as either sitting (1.0 met) or standing 
(1.2 met), while clothing insulation was divided into light clothing (0.5 clo) and heavy clothing (1.0 clo). Table  2 presents the 
configuration of the four experimental scenarios (A–D) assigned to each participant. In Scenario A, all participants were assigned 
different cases, while Scenarios B, C, and D included overlapping cases among some participants. Under identical environmental 
conditions, the PMV values corresponding to the cases in Table  1 increased in the following order: Case 1 < Case 2 < Case 3 < Case 
4.

Each of the four scenarios was repeated three times according to the group PMV methods described in Section 2.2, resulting in 
a total of 12 experimental runs. Subjects 1 through 4 participated from different locations within the space, and temperature data 
reconstructed for each participant’s specific location was used during the experiment. The occupant locations were assigned based 
on the living lab grid shown in Fig.  3(a), corresponding to grid positions 114 (row F, column 5), 140 (row G, column 9), 147 (row 
G, column 16), and 106 (row E, column 19), respectively. For brevity, grid locations are referred to by their row–column indices 
(e.g., F5 represents the point at row F and column 5) throughout the remainder of this paper, unless coordinate values are explicitly 
provided.

During the experiment, participants reported their subjective thermal sensation and satisfaction through a structured question-
naire. The survey employed a 7-point Thermal Sensation Vote (TSV) scale, which corresponds to the PMV scale. It followed the 
point-in-time (short-term) method recommended by ASHRAE 55 [37], with data collected every 2 min. To ensure accurate responses, 
participants used a mobile survey platform and avoided actions that could affect thermal sensation, such as eating, drinking, or 
wearing masks.

3.4. Thermal control algorithm

The thermal control experiment for each scenario followed the sequence shown in Fig.  4. To ensure a consistent initial indoor 
temperature, an initial control period was first applied: the system was turned on at 22 ◦C for 10 min and then turned off for the 
following 10 min. Following this step, the thermal control period begins, comprising a preheating phase and two subsequent control 
points. The preheating phase set the initial temperature to 23 ◦C and lasts for 10 min. The control points refer to the moments when 
the system adjusts to the designated setpoint temperatures (TSET1 and TSET2). Each control action is performed at 10 and 25 min, 
and the experiment concludes at 40 min.

A procedural difference exists between the Gappy POD training data acquisition and the thermal control experiment. While both 
processes share the same initial control period, the control process includes an additional 10-min preheating phase at 23 ◦C prior 
to the start of the thermal control period. This difference accounts for real occupancy conditions during the experiments. Unlike the 
data acquisition phase, which was conducted without occupant movement, participants in the experimental scenarios entered and 
exited the space during breaks between trials. These door operations introduced cold outdoor air into the room, potentially causing 
fluctuations in the initial indoor temperature. To minimize this impact and ensure consistent starting conditions, the additional 
preheating step was incorporated into the experimental procedure.
8 
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Fig. 5. Thermal control algorithm.

The thermal control algorithm is illustrated in Fig.  5. To determine the system’s setpoint temperature, the control process 
iteratively follows the sequence outlined in the figure. First, real-time data are collected from sensors installed in the living lab. 
These include indoor environmental variables as well as indoor image data. Among them, the air temperature data used for the 
reconstruction algorithm are obtained every 2 s from the sensors located at the positions indicated in Fig.  6. Occupancy detection 
is performed using the collected image data. Upon detecting occupancy, the HVAC system is activated with a preheating of 23 ◦C. 
Subsequently, occupant personal factors—metabolic rate and clothing insulation—are estimated based on the captured images using 
the personal factor estimation model described in Section 2.2. All collected data are stored in a centralized database.

At each control interval, the system evaluates whether an adjustment is necessary. If so, the indoor temperature distribution is 
reconstructed using 12 temperature measurements taken along the room boundaries. The data reconstruction algorithm estimates 
zone-specific indoor temperatures based on measurements collected during the two minutes preceding each control point. Using 
these reconstructed temperature values, along with previously obtained occupant-specific activity levels and clothing insulation 
data, individual PMV values are calculated. These individual PMVs are then aggregated to estimate a group PMV. The system’s 
optimal setpoint temperature is determined such that the group PMV approaches zero, and this setpoint is subsequently used to 
control the HVAC system.

During the heating experiments in the living lab, several physical constraints limited the range of feasible system setpoint 
temperatures. The experimental space was located within the interior of a building, which reduced exposure to outdoor temperature 
fluctuations and made it difficult to achieve indoor temperatures below 22 ◦C. Additionally, pre-tests revealed that due to aging 
HVAC equipment and decreased building airtightness, the system was unable to raise the indoor temperature above 26 ◦C. 
Considering these limitations, the operational setpoint temperature range was restricted to between 22 ◦C and 26 ◦C throughout 
the experiment.
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Fig. 6. 12 measurement points (boundary-based locations).

Fig. 7. Reconstruction error on the validation dataset using Gappy POD.

4. Results and discussion

4.1. Data reconstruction performance

4.1.1. Offline phase
The number of POD modes used to construct the POD basis matrix should be greater than the intrinsic dimension of the snapshot 

data, and at the same time, should be less than half the number of measurements to ensure numerical stability in Gappy POD. The 
former condition ensures that the key features of the data are adequately captured, while the latter helps avoid numerical instability 
caused by a large condition number during the computation of POD coefficients.

In this study, the intrinsic dimension of the snapshot data is four, consisting of three temperature setting parameters and one 
temporal domain and the number of available measurement points is 12, therefore, the number of POD modes is set to be 5. To 
evaluate reconstruction performance, we selected 12 sparse measurement locations evenly distributed along the boundaries of the 
living lab, as shown in Fig.  6.

The reconstruction error was computed using the following definition: 

reconstruction error (%) =
‖𝒙 − 𝒙̃‖22
‖𝒙‖22

× 100 (9)

where 𝒙 represents the ground truth temperature field, and 𝒙̃ denotes the reconstructed result.
The reconstruction performance on the validation dataset is presented in Fig.  7. The 𝑥-axis labels are formatted as i-j-k-t, 

where i is the initial temperature (◦C), j and k represent the first and second setpoint temperatures (◦C), respectively, and t
indicates the index of the moving average window applied to the final 2 min of each control point. The average reconstruction error 
was approximately 0.603%, with a minimum of 0.448% and a maximum of 0.882%.

The reconstruction results for the best and worst cases, along with the differences from the ground truth, are shown in Fig.  8. 
Each column presents the reconstructed temperature field, the ground truth, and their difference. All fields are smoothed using cubic 
interpolation on a 4 times finer grid for visual clarity.
10 
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Fig. 8. Comparison of the best and worst reconstruction cases in the validation dataset.

Fig. 9. Locations of measurement (boundary) and validation (internal) points.

Even in the worst case, the temperature difference remained below 1 ◦C. This is because the validation dataset falls within the 
interpolation range of the parameter sweep used to generate the snapshot (training) data.

4.1.2. Online phase
During the actual PMV control experiments, the environmental conditions differed from those of the data acquisition phase. 

Factors such as the presence of occupants, a reduced number of sensors, and varying door-opening frequency in the living lab 
may have negatively affected reconstruction accuracy. Since it was not feasible to measure the entire temperature field during 
the experiment, reconstruction performance was evaluated using three additional internal measurement points, in addition to the 
original 12 boundary sensors. The validation points were carefully selected to represent areas where relatively large temperature 
fluctuations were observed during data collection, while ensuring that their placement did not interfere with the experiment. The 
measurement locations are shown in Fig.  9, where the boundary points are marked by blue circles and the internal validation points 
by orange triangles. The numbers above the orange markers denote the flat indices of the corresponding grid points (refer to Fig. 
3(a)).

At each PMV control point during the experiment, the relative error between the reconstructed temperature and the ground truth 
measured at the internal validation points was computed. The error was computed as (𝑇measured − 𝑇reconstructed)∕𝑇measured × 100. The 
results are plotted in Fig.  10. The average relative error is 2.13%, corresponding to a temperature difference of 0.56 ◦C.

4.2. Thermal comfort analysis

This section is organized into three parts to present the building thermal control results. Section 4.2.1 provides an auxiliary 
analysis of spatial temperature non-uniformity using reconstructed fields. Section 4.2.2 reports the PMV estimation results obtained 
from subject experiments. Finally, Section 4.2.3 analyzes the building control outcomes based on the method used to derive group 
PMV values.

4.2.1. Effect of reconstructed temperature on spatial PMV
The experiments were conducted based on the methodologies described in Sections 3.3 and 3.4. Indoor environmental sensors 

measured data at the locations shown in Fig.  2. These locations were selected to account for differences in the influence of the 
heating system, so that environmental variables other than air temperature could provide representative average values for the 
11 
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Fig. 10. Relative error between reconstructed and measured temperatures.

living lab space. During the experiments, the heating conditions ranged between approximately 22–26 ◦C. Under these conditions, 
the RH, obtained as the spatial average across the indoor environmental sensors and then averaged over the experimental period, 
was 20% (SD = 1.03%), and the corresponding Vair was 0.27 m/s (SD = 0.08 m/s). Using the environmental data obtained from 
the experiments and the reconstructed temperature data, the PMV distribution across the entire living lab was analyzed to examine 
differences in thermal comfort by location.

Fig.  11 presents an example of the spatial distribution of PMV values calculated based on the reconstructed indoor temperature 
data within the living lab space. Specifically, PMV was calculated using the reconstructed temperature field. Temperature data for 
computing PMV as shown in Figs.  11(a) and 11(b) are reconstructed after 10 min of heating with a setpoint temperature of 23 ◦C 
and 15 min of heating with a setpoint temperature of 26 ◦C, respectively. The environmental variables other than temperature for 
the PMV calculation were obtained from indoor sensor modules, with the module-averaged values at each measurement used as 
representative inputs, while personal factors were assumed to be 1.2 met and 0.5 clo. In these subfigures, thermally comfortable 
regions (−0.5 < PMV < +0.5) are indicated in white, while thermally uncomfortable zones (PMV < −0.5) are shown in increasingly 
darker shades of blue as the magnitude of discomfort (i.e., |PMV|) increases.

In Fig.  11(a), PMV values range from −1.59 to −0.62, indicating a predominantly thermally uncomfortable environment under 
the 23 ◦C setpoint condition. In contrast, Fig.  11(b) shows a wider range from −1.06 to 0.20, reflecting a general shift toward 
thermal comfort range. However, the PMV variation of up to 1.26 across the space highlights the strong influence of occupant 
location. These findings underscore the importance of accounting for spatial temperature distribution when estimating PMV in 
multi-occupant environments.

As shown in Fig.  11, the non-uniform distribution of room temperature leads to variations in PMV. This non-uniformity can be 
attributed to factors such as the location of the heating system supply outlet, and surrounding partitions and furniture (i.e., the 
overall layout of the space). The living lab itself is situated within a building and includes an automatic sliding door on the north 
wall. Although the door remained closed during the experiments, thermal variations arising from differences in insulation across 
walls and the door were evident, contributing to the observed non-uniform temperature patterns. In particular, the heating system 
in the living lab is located near the bottom-left corner of the space (around grid points H7, H8, I7, and I8), and the supply air outlet 
is a 4-way diffuser. The supply direction is fixed slightly upward so that airflow does not blow directly toward the occupants. As 
a result, uneven temperature distribution occurs, which is especially evident toward the upper and right region of the space. As a 
consequence of these factors, the overall temperature distribution remained non-uniform, leading to noticeable differences in PMV 
values, including areas close to the HVAC unit. These findings confirm the presence of spatial thermal non-uniformity, which can 
be effectively quantified using the data reconstruction algorithm. Temperature field reconstruction contributes to a more precise 
assessment of PMV distribution throughout the space.

4.2.2. Experiment results of PMV estimation
During the thermal control experiments, the occupants were located at positions F5, G9, G16, and E19 in the living lab, based 

on the scenario-specific personal factor conditions described in Table  2. During the experiments, participants adjusted their activity 
levels and clothing types according to each scenario. Representative images illustrating these experimental conditions are provided 
in Fig.  12.

The estimation accuracy of personal factor for each occupant was evaluated using the mean absolute error (MAE) during the 
experimental procedure. The PF model estimates of metabolic rate and clothing insulation from image data at 2 FPS, storing the 
most frequent value every 20 s. As a result, three data points per minute were obtained. Over the total experiment duration (40 min 
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Fig. 11. Spatial distribution of PMV based on reconstructed indoor temperature fields.

Fig. 12. Experimental images for each scenario.
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Table 3
PMV values calculated after 10 min of a 23 ◦C preheating phase, averaged across three 
repeated experiments.
 Scenario Subject 1 Subject 2 Subject 3 Subject 4 
 A −1.13 0.05 −0.07 −1.88  
 B −1.44 0.31 −1.37 −0.11  
 C −0.99 −0.78 −1.46 −0.03  
 D −0.48 0.16 −0.16 −2.02  

per scenario × 4 scenarios × 3 control points = 480 min), a total of 1440 personal factor data points were collected per participant. 
In this study, data from four participants yielded 5652 personal factor entries in total. Some missing values were observed due 
to sensor noise and communication errors. The overall MAE between the estimated and ground truth values was 0.011 met for 
metabolic rate and 0.029 clo for clothing insulation, consistent with the performance level reported in previous studies on the PF 
model [6].

Based on the estimated personal factors and the reconstructed indoor temperature data obtained during the experiment, average 
PMV values were compared for each participant, as summarized in Table  3. These values represent the mean PMV computed across 
three repeated experimental runs and were evaluated at the end of the 10-min preheating phase. Notable differences in PMV were 
observed depending on both personal factors and occupant location, even under the same controlled temperature condition of 23 ◦C 
during that period.

In Scenario A, all participants had different activity and clothing conditions, resulting in distinct PMV values for each individual. 
In Scenarios C and D, subjects 2 and 3 shared identical personal factor conditions. Specifically, in Scenario C, both subjects performed 
Case 1, which involved low activity and light clothing; however, their average PMV values differed by approximately 0.68 (−0.78 
for subject 2 and −1.46 for subject 3). In Scenario D, where both subjects performed Case 4 with high activity and heavy clothing, 
the PMV difference was approximately 0.32. This outcome is consistent with the spatial distribution of PMV shown in Fig.  11, where 
Subject 2 (G9) exhibited a higher PMV than Subject 3 (G16), despite identical personal conditions. This discrepancy is attributed 
to differences in local thermal environments.

These results demonstrate that incorporating reconstructed temperature data and individual personal factors allows for precise 
PMV estimation at each occupant’s location. The thermal control results based on these estimations are presented in the following 
section.

4.2.3. Thermal control results based on group PMV
This study implemented indoor thermal control using group PMV values representing the overall thermal comfort of multiple 

occupants. The corresponding setpoint decisions and indoor temperature changes are shown in Fig.  13. Dashed lines indicate the 
setpoint temperatures (TSET) sent to the system at 10 min (TSET1) and 25 min (TSET2), while solid lines represent the average of 
real-time indoor temperature measurements under the control condition. This average was calculated using three sources: (1) two 
temperature measurements from the indoor sensor modules described in Section 3.1, (2) the 12 boundary measurement points used 
for temperature reconstruction as shown in Section 4.1.1, and (3) the 3 internal validation points introduced in Section 4.1.2 for 
evaluating reconstruction performance.

As shown in Fig.  4, the initial control period and the 10-min preheating at 23 ◦C were consistently applied. Nevertheless, in 
some cases, a noticeable increase in indoor temperature was observed during the early phase. This phenomenon was particularly 
observed in experiments conducted after 2 p.m. (i.e., Scenario A and B under PMVMEDIAN and PMVWA, and Scenario C). The elevated 
indoor temperatures compared to the setpoint are not attributed to errors in the control algorithm but rather to the thermal inertia 
of the building caused by heat accumulation from outdoor conditions.

In all scenarios, the setpoint temperature for PMVMEDIAN was determined within the range of 25–26 ◦C, while PMVWA consistently 
resulted in a fixed setpoint of 26 ◦C. In contrast, PMVMAD produced a wider range of setpoint temperatures, spanning from 22 ◦C 
to 26 ◦C. In Scenarios A, B, and D, PMVMAD produced a different setpoint temperature (TSET) compared to the other two methods. 
In contrast, all three methods yielded the same setpoint of 26 ◦C in Scenario C.

Due to the thermal characteristics of the living lab where heat tends to accumulate within the experimental space a time lag was 
observed between the control input and the actual indoor temperature response, even when the HVAC system functioned as intended. 
The elevated indoor temperature persisted due to delayed cooling, as observed in Scenario A (PMVMAD), where temperatures 
remained above the setpoint in the final phase. These findings highlight the importance of accounting for thermal inertia in real 
building control and suggest the need for adaptive control strategies in future applications.

Although there is a difference between the HVAC setpoint and the actual indoor temperature, PMV the control variable for 
the HVAC system was calculated using temperature fields reconstructed by the Gappy POD method. By incorporating the ambient 
temperature conditions experienced by occupants on-site, this approach ensures that thermal comfort is more accurately reflected. 
Furthermore, although absolute differences remain between setpoints and actual temperatures, the direction of change is consistent; 
when occupants feel too warm or too cold, the PMV-based control reliably indicates whether the temperature should be lowered or 
raised. Through continuous adjustment, the system can therefore converge to and maintain thermal comfort conditions.

Fig.  14 summarizes the control outcomes across all scenarios, presenting both individual PMV values and the corresponding 
group PMV values computed using three different aggregation methods. These results are shown at three key time points: First 
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Fig. 13. Results of indoor temperature under group PMV-based control.

control (TSET1), Second control (TSET2), and End of control. The first control point refers to the moment after 10 min of preheating 
(23 ◦C) at the beginning of the thermal control period. The second control and end of control points correspond to PMV values 
recorded after 15 min of control at TSET1 and TSET2, respectively.

As discussed in Section 4.2.2, the variation in PMV among participants differed across scenarios. At the first control (TSET1), 
PMVMAD generally produced the highest group PMV values, while PMVWA consistently resulted in the lowest. The differences 
between the group PMV methods were pronounced depending on the scenario. This is primarily because PMVWA is designed to assign 
greater weight to participants experiencing thermal discomfort. For example, in Scenarios B and D, where participants experienced 
greater thermal discomfort, PMVWA strongly reflected these extremes. In contrast, in Scenario C, where individual PMV values 
showed minimal variation, the differences among all methods were less pronounced. Additionally, greater deviation in individual 
PMVs led to larger differences between PMVMAD and PMVMEDIAN, highlighting the influence of participant variability on group-level 
estimates.

Across all control points, the group PMV values for each method gradually approached the thermal comfort range (±0.5) as the 
experiment progressed. For example, in Scenario A, PMVWA improved from −0.97 at the first control (TSET1) to −0.11 by the end of 
the experiment. Similar improvements were observed for PMVMEDIAN and PMVMAD as shown in Fig.  14. These results indicate that 
adjusting the setpoint temperature using group PMV as a control variable effectively enhanced overall thermal comfort.

Individual PMV responses varied depending on the group PMV method. PMVWA effectively improved comfort for participants 
with extremely low PMV values—for example, Subject 4 in Scenario A showed improvement in PMV from −1.7 to −0.9. Although 
this occasionally led to increased discomfort for others (e.g., Subject 2, whose PMV increased from 0.18 to 0.6), it resulted in a tighter 
distribution around PMV 0 overall. In contrast, PMVMEDIAN was less sensitive to outliers but could overlook extreme discomfort in 
participants with high variability, such as in Scenario D. In Scenario D, Subject 4 showed only limited improvement in comfort under 
the PMVMEDIAN method, with a PMV increase of just 0.19 (from −1.74 to −1.55), whereas PMVWA resulted in a considerably larger 
improvement of 0.76 (from −2.28 to −1.49). PMVMAD, which adjusts for deviation, generally produced higher group PMVs when 
participant differences were large. However, it sometimes led to overheating, especially when indoor temperatures rose excessively.

These results highlight that different group PMV methods can lead to significantly different control decisions, even under identical 
occupancy conditions. To further evaluate the effectiveness of these control strategies, participants’ subjective thermal sensations 
were analyzed across different scenarios. Across 12 experiments, minor issues such as mobile communication errors and missed 
responses led to an average of 227 TSV entries per participant, totaling 909 responses. Of these, 697 TSV entries collected after 
control actions were used for analysis. Fig.  15 shows the proportion by TSV level.

Perceived TSV results varied by group PMV method, even under the same environmental conditions. Higher indoor temperatures 
generally led to higher TSV scores, with Scenario A under PMVWA showing the highest temperature (26.8 ◦C) and the greatest 
discomfort. In this case, most participants except Subject 4, who had the lowest activity and clothing insulation reported TSV values 
above 1.5, indicating a warm sensation. As shown in Fig.  15(a), the proportion of TSV = 2 responses was also highest for PMVWA.

In Scenario B, participants with similar personal factors (Subjects 1 and 3) reported high thermal comfort (TSV = 0) under 
warmer conditions (PMV , PMV ), while Subjects 2 and 4 experienced greater discomfort (TSV = 1 or 2) due to contrasting 
MEDIAN WA
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Fig. 14. Control variable estimation results under different experimental scenarios.

Table 4
Occupants thermal satisfaction ratio by thermal comfort range.
 Comfort range TSV = 0 −1 ≤ TSV ≤ +1
 Methods PMVMEDIAN PMVWA PMVMAD PMVMEDIAN PMVWA PMVMAD 
 Scenario A 67.5% 30.0% 63.6% 85.0% 57.5% 100%  
 Scenario B 65.0% 70.5% 31.8% 97.5% 95.5% 93.2%  
 Scenario C 54.5% 58.9% 61.4% 86.4% 93.2% 100%  
 Scenario D 52.3% 65.0% 54.5% 95.5% 100% 100%  
 Total mean 59.8% 56.1% 52.8% 91.1% 86.5% 98.3%  

personal factor conditions. The lower indoor temperature under PMVMAD resulted in a higher proportion of TSV = −1 responses, 
indicating that all subjects experienced discomfort. In Scenarios C and D, despite comparable average indoor temperatures across 
the three control methods, variations in TSVs were observed. These differences are attributed to localized environmental factors, 
such as late-stage temperature increases and occupant positioning within the space. For example, in Scenario D, Subject 3 who is 
positioned near the heater, reported higher thermal sensation than Subject 2, despite identical personal conditions. These findings 
emphasize that spatial factors like occupant position significantly affect perceived comfort.

To assess the control performance of each group PMV method, participant TSV responses were analyzed using two comfort 
ranges, as shown in Table  4: complete neutrality (TSV = 0) and broader comfort with low thermal discomfort (−1 ≤ TSV ≤ +1).

Based on the analysis, the proportion of participants reporting complete neutrality (TSV = 0) followed the order PMVMEDIAN
(62.2%) > PMVWA (58.0%) > PMVMAD (52.8%). None of the methods exceeded 70% on average, highlighting limitations in achieving 
universal thermal comfort across all occupants. Among the three approaches, the PMVMEDIAN method exhibited the most consistent 
performance across varying personal factor conditions. In contrast, PMVWA and PMVMAD showed lower TSV = 0 proportions in 
scenarios with high inter-individual variation, indicating reduced effectiveness in settings with diverse occupant profiles.

Analysis of the broader comfort range (−1 ≤ TSV ≤ +1) revealed that all three group PMV estimation methods achieved average 
thermal comfort rates exceeding 86.5%, with PMVMAD showing the highest performance at 98.4%. In comparison to the PMV values 
presented in Fig.  14, the actual TSV responses exhibited a tendency toward higher perceived thermal sensation. For instance, PMV 
values between −2 and −1 often corresponded to TSV = −1, while PMV > +0.5 frequently aligned with TSV = +2. This indicates a 
positive perceptual bias, where subjective thermal sensation is higher than objective PMV estimates. The PMVMAD method helped 
reduce this discrepancy by accounting for distributional deviations. While PMVMEDIAN was less sensitive to individual extremes, 
it provided consistent control across scenarios. In contrast, PMVWA effectively addressed extreme discomfort but showed greater 
variability, particularly under various occupant conditions.
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Fig. 15. Distribution of TSV and proportional comfort levels under group PMV-based control methods.

On average, PMVMAD was the most effective in satisfying the thermal comfort of multiple occupants under various scenarios. 
Nevertheless, each group PMV estimation method presents distinct trade-offs that must be considered when designing control 
strategies. PMVMEDIAN offers stable and balanced performance across varied conditions, making it well-suited for general comfort 
control. PMVMAD is effective in mitigating extreme discomfort by incorporating variability, though it may lower the proportion of 
neutral responses. PMVWA enhances comfort for highly dissatisfied occupants but exhibits inconsistent results at the group level. 
Therefore, the selection of an appropriate group PMV method should be based on the specific context of application, including the 
space’s function, occupant characteristics, and control objectives.

4.3. Discussion

The main innovation of this study lies in proposing a novel methodology that combines a gappy data reconstruction algorithm, 
Gappy POD, with an occupant-information recognition model to estimate actual thermal comfort. Recent studies have made extensive 
efforts to improve the accuracy of thermal comfort prediction, with most focusing on developing equation-based or AI-driven 
models for real-time estimation of occupant personal factors [6,16,39]. In contrast, this study introduces an integrated thermal 
comfort estimation framework that incorporates reconstructed temperature fields with individual parameters such as metabolic rate 
and clothing insulation. The proposed framework enables personalized thermal comfort assessment by comprehensively reflecting 
occupant location and state using only a limited number of sensor measurements. The results revealed that spatial variations in 
the reconstructed PMV values reached up to 1.26 scale units, highlighting the need for more localized control strategies beyond 
zone-averaged approaches.

Furthermore, while many previous studies have focused on thermal control within single-occupant spaces [15,16,40], actual 
buildings typically involve multiple occupants with diverse comfort needs. Considering this, the present study proposed three 
statistical approaches for deriving a single control variable applicable to multi-occupancy environments. Unlike previous studies 
that conducted limited evaluations of thermal comfort in multi-occupant settings, often lacking experimental validation [6,41], this 
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study experimentally evaluated multiple statistical methodologies under various occupancy scenarios. By employing group-based 
PMV metrics and analyzing the results experimentally, the study demonstrated that a representative comfort index can be effectively 
derived and applied across different occupancy conditions.

Since the experiment was conducted under predefined and controlled scenarios, it may not fully capture the dynamic and 
unpredictable nature of real-world occupancy. To enhance applicability in actual buildings, the proposed framework should be 
integrated with real-time occupant detection and location-tracking technologies, in addition to the environmental reconstruction 
algorithm and personal-factor model. Systematic collection of thermal data across space under varying HVAC operating modes and 
occupancy conditions will support the development of more robust and generalizable models for real-world applications. Moreover, 
privacy concerns associated with image-based AI models should be carefully addressed to ensure feasible and ethical deployment 
in large-scale smart-building environments.

Despite the contributions of this study, several technical limitations were identified, highlighting important directions for future 
research. First, regarding the data reconstruction algorithm, the effect of sensor placement on reconstruction performance was not 
investigated. This is because sensor placement was assumed, in which sensors were evenly distributed along each boundary to reflect 
practical constraints related to building design and occupant convenience. In addition, the number of sensors used in the living lab 
(12 sensors in a 3.2 m × 9.45 m space) is relatively large. Further research is needed to achieve high reconstruction accuracy 
with fewer sensors. While Gappy POD is effective for reconstructing quantities with minimal advection effects, its performance may 
degrade in scenarios where strong internal airflow introduces dominant advection dynamics. Moreover, the reconstruction accuracy 
was validated primarily under HVAC setpoint variations, while other influencing factors such as boundary conditions, heat sources, 
and detailed HVAC operating settings were not explicitly tested. Although the use of real experimental data implicitly incorporated 
some of these variations, the reconstruction capability of Gappy POD under systematically altered conditions remains uncertain.

To overcome these limitations, several future directions are planned. Specifically, the influence of sensor placement on 
reconstruction accuracy will be quantitatively evaluated. Optimization algorithms such as the Discrete Empirical Interpolation 
Method (DEIM) [42–44] and S-OPT [45,46] will be employed for sensor placement, and their reconstruction performance will 
be systematically compared. DEIM is a greedy sampling algorithm that selects interpolation points to minimize the upper bound of 
reconstruction error. In addition to the original DEIM formulation, an oversampled variant [46,47] is considered, where the number 
of sampling points is allowed to exceed the number of POD modes. S-OPT is a quasi-optimal sampling method that seeks to maximize 
the orthogonality of the sampled POD basis vectors and the determinant of the corresponding Gram matrix constructed from them, 
thereby enhancing numerical stability and reducing reconstruction error.

Furthermore, the application of Gappy Autoencoder (Gappy AE) [48], a nonlinear manifold-based reconstruction algorithm, is 
planned to be explored. Gappy AE offers the potential to achieve high reconstruction accuracy with fewer sensors and is particularly 
suitable for reconstructing environmental quantities governed by advection-dominant dynamics. In particular, Gappy AE is expected 
to perform well in reconstructing airflow velocity fields, which typically exhibit strong advection and complex flow structures. In 
this way, techniques need to be developed for reconstructing not only indoor temperature but also the distributions of other indoor 
environmental variables such as RH and VAIR. In addition, to enhance the model’s ability to generalize for application to diverse 
building environments, it will be necessary to acquire simulation-based datasets that explicitly vary key environmental factors 
such as boundary conditions, heat sources, and HVAC configurations. Such datasets will enable a more systematic evaluation of 
reconstruction accuracy under diverse scenarios and provide the basis for enhancing the model’s adaptability to unseen conditions 
while improving its robustness across different environments.

In terms of thermal comfort assessment, various models have been proposed, each with inherent limitations in predictive accuracy 
under real building conditions. In this study, the PMV model was adopted as one indicator of thermal comfort. Although it is known 
to have limitations in accuracy, as noted by Tartarini and Schiavon [49], efforts were made to enhance the reliability of its predictions 
by improving the accuracy of the input parameters [13]. Nevertheless, from a long-term perspective, the development of alternative 
approaches that can provide more precise evaluations of thermal comfort beyond the PMV model remains an important direction 
for future research.

The control experiment also had several limitations. Due to the structural characteristics of the experimental space and the 
aging HVAC system, precise temperature control was constrained, and the setpoint range was limited to 22–26 ◦C. Additionally, 
some data loss occurred due to sensor noise, communication delays, and storage errors. However, to minimize the impact on control 
performance, data collected during the two minutes preceding each control point were preprocessed using mean and most frequent 
values. Furthermore, the experiment was conducted under predefined and controlled scenarios, which did not fully reflect the 
dynamic and unpredictable nature of real-world occupancy. To enhance applicability in actual environments, the integration of 
real-time occupant detection technologies is necessary, in addition to the environmental reconstruction algorithm and the PF model 
proposed in this study.

This study was conducted during the heating season with a limited number of participants. Therefore, future research should 
involve long-term data collection encompassing a wider range of seasonal conditions and more diverse occupancy patterns. Lastly, a 
method for determining a control variable that represents group thermal comfort and dynamically integrates real-time information 
such as occupancy status, number of occupants, metabolic rate, and clothing insulation—is essential. Such capabilities would 
advance the system from scenario-based control to an adaptive, user-centered thermal management framework capable of responding 
effectively to real-world environmental changes.
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5. Conclusion

This study proposes a PMV estimation approach that utilizes an indoor temperature reconstruction algorithm based on Gappy 
POD to account for occupant location. Spatial variations in PMV across multi-occupant conditions were quantitatively analyzed, and 
a group PMV-based control framework was applied to evaluate thermal control performance. The Gappy POD method reconstructs 
real-time indoor temperature distributions using a limited number of sensor measurements. This approach enables fast and efficient 
reconstruction by leveraging a pre-trained POD basis. Also, it supports accurate estimation of spatially varying PMV values. 
Experimental results from the living lab indicate that the average relative error in temperature reconstruction remained below 
3%, demonstrating the method’s feasibility and reliability.

Thermal comfort analysis based on the reconstructed indoor temperature data in the living lab revealed that spatial variations 
in PMV across the space can reach up to 1.26 scale units. By integrating reconstructed environmental fields with occupant-specific 
personal factors, accurate location-based PMV values were estimated and applied to group PMV-based control strategies. The results 
demonstrated that each group PMV method produced distinct thermal comfort outcomes depending on the occupancy scenario. 
When thermal satisfaction was assessed by the proportion of occupants within the comfort range (TSV ≤ ±1), the MAD-based method 
which accounts for distributional variability proved more effective in enhancing thermal comfort during the heating season.

In summary, the findings of this study highlight the feasibility of real-time thermal comfort estimation and control based on 
occupant location, even within spatially heterogeneous indoor environments. In addition, the results underscore the importance 
of selecting appropriate group PMV metrics in accordance with occupant diversity, spatial configurations, and control priorities of 
the HVAC system. Furthermore, the study emphasizes the necessity of thermal control strategies that integrate both spatial and 
individual variability to ensure optimal comfort in shared environments.
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