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ABSTRACT  
This paper presents a systematic study of data-

driven modeling of indoor thermal comfort for smart 
cooling systems, establishing an analytical framework 
encompassing three main aspects: data collection, 
modeling analysis, and control execution. The findings 
indicate that existing studies in data collection exhibit 
the characteristics of integrating multi-source data, 
combining objective and subjective data, and employing 
multi-technology collaborative collection. During the 
modeling and analysis phase, machine learning 
algorithms play a dominant role in indoor thermal 
comfort modeling, achieving higher predictive accuracy 
than the traditional Predicted Mean Vote model. These 
models can be divided into two categories: group and 
personal models, with the latter showing greater 
potential for personalized predictions. In terms of 
control execution, the primary strategies can be 
categorized into two types: model-based optimization 
control and adaptive control that integrates user 
feedback. Their effectiveness in improving comfort, 
reducing energy consumption, and dynamically 
responding to personalized needs and environmental 
changes has been preliminarily validated. Furthermore, 
this paper outlines critical challenges at different stages 
and systemic levels in this field and proposes directions 
for future research. 
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SVM 
SVR 
TCV 
TPV 
TSV 
VAF 
WLS 
Symbols 
s 

Support Vector Machine 
Support Vector Regression 
Thermal Comfort Vote 
Thermal Preference Vote 
Thermal Sensation Vote 
Variance Accounted For 
Weighted Least Squares 
 
Plural 

1. INTRODUCTION 
Building energy consumption constitutes a 

significant share of national energy use, with Heating, 
Ventilation, and Air Conditioning (HVAC) systems 
accounting for approximately 40%–50% of total building 
energy use [1]. Especially in regions with hot climates or 
high cooling demands, the cooling system becomes the 
crucial energy consumer during summer and transitional 
seasons. At the same time, people today spend nearly 
90% of their time indoors, making indoor thermal 
comfort an important factor influencing human health 
and daily life [2]. However, traditional thermal comfort 
models, such as the Predicted Mean Vote (PMV), often 
fail to accurately represent actual human thermal 
perception, partly because they overlook individual 
differences. In recent years, thermal comfort modeling 
has entered a data-driven phase [3]. The introduction of 
artificial intelligence, big data, and other advanced 
techniques has markedly improved the predictive 
accuracy of models, providing critical technical support 
for smart cooling systems to better satisfy occupants’ 
thermal comfort requirements while reducing cooling 
energy consumption. 

A review of existing literature reveals that most 
prior surveys have focused on only one aspect of the 
field. For instance, Čulić et al. analyzed data types and 
collection methods for modeling personal thermal 
comfort [4]. Qavidel Fard et al. focused on machine 
learning (ML) [5]. Han et al. surveyed reinforcement 
learning (RL)-based comfort control systems for indoor 
environments [6]. However, a systematic review that 
integrates the three dimensions, i.e. data, models, and 
control, is still lacking. This review systematically 
examines recent advances in data-driven modeling of 
indoor thermal comfort for smart cooling systems. The 
analysis is structured around three core aspects: data 

collection, modeling analysis, and control execution. It 
summarizes data sources, types, and collection methods; 
compares sample size, algorithm selection, performance 
metrics, outputs, model types, and performance across 
different studies; and synthesizes system control 
strategies. Finally, the paper identifies current research 
challenges, summarizes major findings, and offers 
insights for developing more accurate, personalized, and 
energy-efficient smart cooling systems. 

2. METHODOLOGY  

2.1 Review method 

A systematic literature search was conducted across 
two databases: ScienceDirect and IEEE Xplore. Keywords 
included “indoor thermal comfort”, “indoor thermal 
comfort model”, “smart cooling” and “intelligent HVAC”. 
The search scope was limited to papers published from 
2015 to 2025. Initially, thousands of articles were 
retrieved. Subsequently, the retrieved papers were 
screened to include studies focusing on indoor thermal 
comfort, indoor thermal comfort models, and smart 
cooling systems, while excluding those related to 
outdoor environments, naturally ventilated buildings, 
heating, localized cooling, and materials to maintain 
focus on indoor cooling environments and thermal 
comfort in air-conditioned buildings. Additionally, non-
English publications and purely theoretical models were 
excluded unless they offered unique research 
perspectives. Ultimately, 42 papers were selected for 
future review. 

2.2 Analytical framework 

To systematically review recent advances in data-
driven modeling of indoor thermal comfort for smart 
cooling systems, this paper constructs an analytical 
framework around three core aspects: data collection, 
modeling analysis, and control execution, as illustrated in 
Fig. 1. The system first uses multi-technology methods 
that integrate multi-dimensional data from multiple 
sources. It then develops thermal comfort models using 
data-driven approaches, transforming multi-dimensional 
information into actionable comfort metrics. Finally, it 
regulates the operation of the cooling system through 
control strategies. The subsequent sections will 
elaborate on this framework in detail. 
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Fig. 1 Analytical framework diagram

3. DATA COLLECTION 
This section outlines the data collection phase of the 

reviewed papers, including data sources, types, and 
collection methods. 

3.1 Data sources 

Among the reviewed literature, 12 studies used 
existing databases. Ten of these sourced their data from 
two major public databases: the ASHRAE RP-884 [7], [8], 
[9] and the ASHRAE Global Thermal Comfort Database II 
[10]. The use of these databases is due to their large scale 
and diverse data types and to their field research origins, 
which better represent thermal comfort conditions in 
real-world environments. The remaining two studies, 
[11] and [12], used datasets that were specifically 
collected for their respective research projects. 

In addition, 30 studies in this review collected data 
through field measurements [13], [14], [15] or 
controlled-chamber experiments in which parameters 
could be artificially regulated [11], [16], [17]. 

3.2 Data types 

The data collected in this study can be categorized 
into four main types: environmental, human, HVAC-

related, and spatial. Among these, environmental and 
human data were the most common. Environmental 
data typically includes the environmental parameters 
from the PMV model, such as air temperature, relative 
humidity, air velocity, and mean radiant temperature. 
Some studies additionally considered outdoor 
environmental parameters [7], [10]. Human data mainly 
includes physiological parameters, personal information, 
and subjective feedback, while behavioral data were 
collected in only three studies [13], [16], [18]. Most of the 
reviewed studies demonstrated multi-dimensional data 
fusion, with only one paper [19] focusing solely on 
human data. 

Research involving spatial and HVAC operational 
parameters remains limited. Only one study [14] 
investigated spatial characteristics, and one paper [8] 
recorded air-conditioning operating modes.  

3.3 Data collection methods 

Existing research often employs a multi-technology 
fusion technique to collect multi-dimensional data, using 
devices like environmental sensors [11], [13], [17], 
weather stations [11], [13], [16], infrared devices [11], 
[15], [20], [21], [22], wearable devices [11], [13], [17], 
and cameras [16], [23], [24]. With the rapid development 
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of the Internet of Things (IoT), these devices can be 
further integrated as sensing nodes into an IoT 
architecture. This fusion enables device interconnection 
and data interoperability, allowing systems to support 
more diverse, real-time, and multi-source data. 

4. MODELING ANALYSIS 
Among the reviewed papers, only one study [20] 

used solely traditional mathematical methods for 
modeling. The remaining 41 studies all used ML methods 
for modeling. This section will analyze six main aspects: 
data profile, algorithm selection, performance metrics, 
outputs, model types and comparison with the 
traditional models. Detailed data are shown in Table 1.  

Table 1．Comparison of ML models in the reviewed papers 

Paper Sample 
size Algorithm(s) Performance metric(s) Outputs(s) Model 

type(s) 
[7] NA ELM, SCN, RF, SVR RMSE PMV GM 
[8] 9470 SVM, ANN RMSE, MAE, CC 7-point TSV GM 
[9] 5576 KNN, SVM, ANN Recall, Confusion Matrix TSV GM 

[10] 17814 RF, KNN 
Accuracy, Specificity, ROC 
Precision, Recall, F1-score, 

Confusion matrix 

3 and 7-point 
TSV, TPV GM 

[11] NA LSTM RMSE TSV, TPV, TCV PM 

[12] NA RF, SVM, KNN, AdaBoost MSE, ROC, F1-score 3-point TPV, 
2-point TPV PM 

[13] 368 RF MSE, RMSE, MAE, R2, Accuracy, 
Recall, Precision, F1-score 7-point TSV, TSV GM 

[14] 756 DT, SVM, ANN, RF, NB, KNN Accuracy, MAE, RMSE TSV, TPV, TCV GM 

[15] 470 WLS, ANN Accuracy, the Cohen's Kappa 
Coefficient, ROC 3-point TPV PM 

[16] 10838 BGRU Accuracy 3-point TPV PM 
[17] 3600 RF, BP, CNN Precision, Recall, F1-score 7-point TSV GM 
[18] NA NB, DT, SVM, ANN Accuracy temperature PM 
[19] NA KNN, RF, LR, NB Accuracy, ROC, Precision, Recall TSV PM 

[21] 5357 RF-IBWO-BP-LSTM RMSE, MAE, MBE, R2, Recall 
Accuracy, F1-score ST, TSV PM 

[22] 210 ANN, NB, KNN, SVM, LR, DT, 
RF Accuracy, MAE 7-point TSV PM 

[23] 7400 KNN Accuracy 3-point TSV PM 

[24] 1944 GB Accuracy, Recall, Precision, 
F1-score 

7-point TSV, 
7-point EC GM 

[25] 36 KNN Accuracy 5-point TSV GM 
[26] 540 DT, SVM, KNN, RF, NN Accuracy, F1-score, ROC 7-point TSV PM 
[27] 2371 ANN Precision, Recall, F1-score 5-point TCV PM 
[28] 700 RF Accuracy, Sensitivity, Precision 2-point TCV GM 
[29] 4 subjects L, SVM, ANN MAE, Accuracy TSV PM 
[30] 700 SVM, ELM Accuracy, MSE, Recall, Precision 2-point TCV GM 

[31] NA SVM, RF, EL, KNN, ANN 
Accuracy, Recall, F1-score, ROC, 

Precision, Confusion Matrix 
3-point TSV GM 

[32] over 500 ANN R² TSV GM 
[33] 1199 SVM Accuracy TSV PM 
[34] 11164 Deep FNN MSE PMV GM 
[35] 20000 RF Accuracy metabolic rate GM 
[36] NA LSTM MAE, MSE PMV GM 
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[37] 24312 ANN, SVR, RF, RF & SVR MAE, RMSE, R2, F-test 7-point TSV GM 

[38] NA SVM, RF, KNN, ANN Accuracy, F1-score 3-point TCV PM 

[39] 3004 ANN R, RMSE, VAF, Accuracy PMV, 
7-point TSV GM 

[40] NA SVM / thermal comfort 
zone GM 

[41] NA SVM, ANN, LR, LDA, KNN, DT Accuracy 3-point TCV GM 
[42] 1955 SVM Accuracy 7-point TSV PM 
[43] 2371 KNN, DT, ANN, SVM, NB Precision, Recall, F1-score 5-point TCV PM 
[44] 3888 SVM, RF, AdaBoost Accuracy 3-point TSV PM 
[45] 1429 LR, DT, SVM, KNN, RF, GB Precision, Recall, F1-score 3-point TSV GM 

[46] NA CNN Accuracy 
7-point TSV, 
7-point TCV 

GM, PM 

[47] NA SVM, RF, ETC, ANN, CNN, 
LSTM Accuracy, MAE, MAPE 

2-point TCV, 
TSV 

GM 

[48] 573 RF Accuracy, OOB, Diversity, 
Calculating Time 7-point TSV GM 

4.1 Data sample 

As shown in Table 1, the sample sizes of these 41 
studies ranged from 36 [25] to 24312 [37]. Large-sample 
modeling is known to improve a model's generalization 
performance. However, it entails high data cleaning costs 
and substantial computational requirements. In 
contrast, small-sample modeling has shorter training 
cycles, which facilitates diverse debugging strategies, yet 
it often results in suboptimal model performance. 

4.2 Algorithm selection 

Among the 41 studies reviewed, the most frequently 
used ML algorithms are Support Vector Machines (SVM), 
Random Forests (RF), Artificial Neural Networks (ANN), 
K-Nearest Neighbors (KNN), and Decision Trees (DT). 
Among these, SVM, RF, and ANN are the most commonly 
applied, which aligns with the findings reported by 
Qavidel Fard et al. [5]. 

In addition to using a single algorithm or multiple 
algorithms for independent modeling, some studies have 
adopted hybrid modeling strategies. For example, Yang 
et al. combined mathematical and ML models to improve 
stability on small, unbalanced datasets by leveraging 
their strengths [26]. Similarly, Liu et al. showed that 
hybrid models constructed by integrating multiple 
algorithms achieve higher prediction accuracy than 
single models [21]. 

4.3 Performance metrics 

Through statistical analysis of the reviewed papers, 
this study identifies several commonly used evaluation 
metrics, primarily including accuracy, root mean square 
error (RMSE), precision, recall, F1-score, and mean 
squared error (MSE). Among these metrics, accuracy was 
the most widely adopted, with 65.85% of the studies 
using it as the primary indicator for evaluating overall 
model performance. 

4.4 Outputs 

Thermal comfort models typically output either 
continuous thermal response values or categorical 
labels. As summarized in the literature reviewed, the 
primary outputs include the Thermal Sensation Vote 
(TSV), Predicted Mean Vote (PMV), Thermal Preference 
Vote (TPV), and Thermal Comfort Vote (TCV). 

TSV characterizes the thermal sensation of subjects. 
For quantitative analysis, most studies used a discrete 
scale as their output. The 7-point TSV, ranging from -3 
(Cold) to 3 (Hot), was the most common, appearing in 12 
of the reviewed papers. TPV reflects subjects' 
preferences for thermal environments, while TCV is used 
to evaluate thermal comfort states. Additionally, some 
studies continued to use PMV as an output, maintaining 
the application of classical thermal comfort theory. 

4.5 Model types 

Approximately 58.54% of the studies focused on 
developing group models (GMs), suitable for predicting 
thermal comfort in uniform environments. Other studies 
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focused almost entirely on developing personal models 
(PMs), which emphasize individual differences and more 
accurately reflect personal thermal perception. 

Only one study [46] developed both model types 
concurrently. Its validation results indicated that the 
group-oriented model had lower predictive accuracy for 
thermal sensation and comfort. The PM, in contrast, 
which was developed using multiple experimental data 
points from a single subject, demonstrated exceptional 
performance. This finding highlights the significant 
individual variability in thermal sensation and comfort. 

4.6 Comparison with the traditional model 

Among the reviewed papers, ML-based models 
showed significantly higher predictive accuracy than the 
PMV model, achieving an overall accuracy of only 34% 
[49]. For example, Haghirad et al. achieved accuracies of 
72.40% for thermal preference and 60.40% for the 7-
point TSV using a RF model [10]. Similarly, Upasani et al. 
achieved accuracy rates of 72.00% for regression and 
89.00% for classification models by integrating multi-
source data from both environmental and physiological 
sources [13]. 

5. CONTROL EXECUTION  
This section reviews the control executive phase of 

the system. Among the literature reviewed, nine studies 
built upon thermal comfort models to further investigate 
control executive strategies, aiming to validate the 
system's practical effectiveness. These studies can be 
broadly categorized into two types: model-based 
optimization control and adaptive control integrating 
user feedback. 

5.1 Model-based optimization control 

A total of five of the reviewed studies [9], [11], [24], 
[29], [34] used model-based optimization for system 
execution. The core idea is to use thermal comfort 
models as the primary basis for decision-making, 
enabling active adjustment of air conditioning setpoints 
and operating modes to achieve specified comfort or 
energy consumption goals. RL, which learns optimal 
decisions through trial and error in dynamic 
environments, is now widely applied to complex control 
tasks [50]. For instance, Lu et al. integrated a thermal 
comfort model with a Q-learning-based RL temperature 
controller to achieve the autonomous optimization of 
the temperature setpoint [9]. This approach enabled the 
system to automatically adjust from any initial 
temperature state to a defined comfortable temperature 
range. 

5.2 Adaptive control integrating user feedback 

Four studies [18], [23], [32], [33] implemented 
adaptive control strategies that incorporate user 
feedback. These systems collect user status information 
across multiple channels and use it as input for control 
decisions, establishing a closed-loop mechanism that 
includes perception, decision-making, execution, and 
updating [51]. Beyond collecting subjective feedback 
from users through human-machine interfaces and 
mobile applications, these systems can also continuously 
monitor physiological parameters using wearable 
devices. By integrating this data with environmental 
readings, the systems continually train and update 
thermal comfort models, enabling dynamic adaptation 
to individual user preferences and changing conditions. 
For example, Lai and Yao developed a smart 
management system that enables users to enter activity 
levels and other parameters through a human-machine 
interface [33]. This system updated its model with real-
time sensor data and employed optimization algorithms 
to dynamically adjust air conditioning operations to meet 
user requirements. Finally, operational information was 
feeding back to the user through the interface, 
completing the closed loop. 

6. DISCUSSION 

6.1 Current challenges 

Each of the three aspects faces distinct challenges. 
During data collection, issues include privacy concerns 
and disruption to subjects' normal activities. Moreover, 
parameters such as clothing insulation and metabolic 
rate are often oversimplified as fixed values or neglected, 
undermining model accuracy [45], [48]. In the modeling 
phase, limitations in data scale, collection duration, and 
diversity make it difficult to fully validate the models' 
long-term stability and effectiveness across different 
populations, climates, and building types. Furthermore, 
GMs often compromise individual thermal comfort due 
to averaging effects [32]. Additionally, research on 
control execution is limited, with most studies remaining 
theoretical, which slows the transition to practical 
application. 

At the system level, time delays occur throughout 
the entire closed-loop process, from data collection and 
model computation to the final control execution, which 
can adversely affect real-time control performance. 
Additionally, it is particularly difficult to effectively 
balance the accuracy of model predictions while 
simultaneously ensuring the robustness of the control 
strategies applied. 
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6.2 Prospects for future work 

Future research should focus on four levels: at the 
data collection level, it is necessary to develop more 
precise and low-interference dynamic parameter 
collection techniques to enhance data quality and model 
accuracy. In modeling, localized studies across different 
climates, building types, populations, and HVAC systems 
are needed to address the limitations of this paper 
regarding heating, building classifications, and 
demographic segmentation. In terms of regarding 
control level, more practical research on the execution of 
system control in real-world indoor environments is 
needed to ensure a balance among comfort, energy 
efficiency, and user experience. Finally, at the system 
level, closed-loop control performance must be 
optimized by balancing model accuracy and control 
robustness. 

7. CONCLUSIONS 
This paper provides a systematic review of the 

literature on data-driven modeling of indoor thermal 
comfort for smart cooling systems. The main conclusions 
are as follows: 

Data collection features multi-source collection and 
integration, combining both objective and subjective 
data, and employing multi-technology collaborative 
collection. 

Among the reviewed papers, ML is the primary 
modeling method, with SVM, RF, and ANN being the 
most commonly used algorithms. Accuracy is the most 
widely applied performance metric. Although numerous 
GMs have been developed, research on personalized 
modeling should be strengthened, given the high 
individual variability in thermal sensation. Moreover, ML 
models demonstrate higher predictive accuracy than the 
PMV model. 

Finally, current research on the control execution of 
smart cooling systems can be broadly categorized into 
two main types: model-based optimization control and 
adaptive control that integrates user feedback. The 
potential to improve thermal comfort and reduce system 
energy consumption has been preliminarily validated. 
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