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Abstract 
 

Ultrafine particulate matter (PM0.1) is a global and significant environmental issue because it can deeply translocate the 
human body, causing adverse health effects and leading to a high mortality rate. This study investigates the relationship 
between meteorological factors and PM0.1 concentrations, providing insights into the formation and distribution of ultrafine 
particles. However, accurate measurement of the PM0.1 concentration information is challenging due to sophisticated 
processes and expensive instruments that make it difficult to access. This study addresses these concerns with a new deep-
learning regression model for PM0.1 concentration prediction based on meteorological factors. The model is designed and 
developed to explore the optimal model structures (hidden layers and neurons) to achieve standard laboratory-based PM0.1 

measurement. The model structures are verified by root mean squared error (RMSE) and coefficient of determination (R2) 
based on predictive performance to prove the laboratory-based standard's accomplishment. The results demonstrate that 
the proposed model can estimate PM0.1 concentration with high performance, R2 = 92.52%, and RMSE = 0.26 µg/m3, which 
is precise and reliable for an intelligent-driven PM0.1 concentration prediction system to support preventive health decision-
making. This approach contributes to a more comprehensive understanding of atmospheric composition by enabling 
widespread monitoring of PM0.1, a critical but often unmeasured component of air pollution. 
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1. Introduction 

Particulate matter (PM) is one of the most harmful air 

pollutants to human health, such as PM2.5 (its aerodynamic 

diameter is smaller than 2.5 μm).[1] In 2019, the World Health 

Organization (WHO) notified that PM caused 4.2 million 

premature deaths worldwide, of which 89% occurred in low-

and middle-income countries (e.g., Southeast Asia).[2] 

Ultrafine particulate matter (PM0.1), whose aerodynamic 

diameter is smaller than 100 nm, is an important portion of 

PM2.5, causing most unhealthy and toxic symptoms because it 

can efficiently translocate through the blood systems to critical 

body organs.[3] 

Mao et al.[4] investigated the correlation between PM0.1 and 

cardiovascular disease, indicating that it could damage the 

cardiovascular system. In this way, the urgent need to monitor 

and detect the concentration of PM0.1 becomes apparent, as it 

may help people avoid risky environments and prevent severe 

health conditions. Phairuang et al.[5] measured PM0.1 using an 

ambient nano-sampler and highlighted that its characteristics 

varied by different meteorological factors, producing different 

concentrations. However, accurate measurement of PM0.1 

needs to include the device's intensive maintenance and repair 

and the requirement of advanced technologies with the 

expensive equipment cost.[6] An intelligent-driven system for 

PM0.1 concentration prediction based on available 

meteorological factors (e.g., temperature, humidity, wind 

1 College of Graduate Studies, Walailak University, Tha Sala, 

Nakhon Si Thammarat, 80160, Thailand 
2 Department of Computer Engineering, Faculty of Engineering, 

Prince of Songkla University, Songkhla, 90110, Thailand 
3 Department of Chemical Engineering, Faculty of Engineering, 

Prince of Songkla University, Songkhla, 90110, Thailand 
4 Department of Mechanical and Mechatronics Engineering, Faculty 

of Engineering, Prince of Songkla University, Songkhla, 90110, 

Thailand 
5 School of Mechanical Engineering, Shanghai Jiao Tong University, 

Minhang, Shanghai, 200240, China 

 

https://www.espublisher.com/


Research article                                                                                                                                                                                Engineered Science 

 

2 | Eng. Sci., 2025, 33, 1375                                                                                                                                                                  Engineered Science Publisher 

speed and direction, and precipitation) is critical in dealing 

with this challenge. 

Machine learning (ML) regression plays a significant role 

in PM concentration prediction, estimating continuous PM 

values based on multiple meteorological factors. Fernández et 

al.[7] proposed IoT-based ML for PM2.5 and PM10 

concentration prediction and discussed that their approach 

could achieve high performance (R2 for PM2.5 and PM10 = 0.74 

and 0.91, respectively). Hong proposed ML regression-based 

models for predicting the PM10 concertation and found that 

random forest (RF) could forecast accurately (R2 = 0.98).[8] 

Kalantari et al.[9] proposed ML regression-based models for 

predicting the PM10 concertation's missing values and found 

that eXtreme Gradient Boosting (XGBoost) could solve the 

problem effectively (R2 = 0.78). Zhou et al.[10] reviewed the 

role of ML regression in the concertation prediction of PM2.5. 

They discussed that deep learning (DL) regression has 

massive potential for PM10 concertation prediction in future 

applications. Bhatti et al.[11] proposed a novel DL regression 

based on a graph-based convolutional network. Their 

proposed model could predict PM concentrations with 

superior performance (R2 for PM2.5 and PM10 = 0.75 and 0.76, 

respectively). 

Although recent studies have intensively investigated PM 

concentration prediction based on ML regression, they 

focused on PM2.5 and PM10 and have not yet proposed a model 

for PM0.1 concentration prediction. In contrast, Schraufnagel 

studied the impact of PM0.1 and discussed that the more ultra-

small the size of PM, the more dangerous the effect on human 

health.[12] This makes PM0.1 concentration prediction 

demanding and critical to support environmental 

policymakers in understanding air pollution problems and 

producing policy interventions for better air pollution control. 

Moreover, the capability of environmental management 

depends on the accurate prediction of PM0.1 concentration so 

that decision-makers can precisely identify specific 

geolocations, design strategies, and provide the right action on 

time. In this way, the DL regression model must be designed 

and developed to fulfill the challenge, and the main 

contributions of this research are: 

• To introduce the PM0.1 concentration prediction framework 

based on ready-to-use meteorological factors that can address 

the problems of expensive equipment and installation costs. 

• To propose a DL regression model for PM0.1 concentration 

prediction based on meteorological factors, including PM2.5, 

temperature, humidity, wind speed and direction, and 

precipitation. 

• To prove that the DL regression model can predict PM0.1 

concentration outstandingly given available meteorological 

factors compared to basic algorithms such as artificial neural 

network (ANN) regression. 

PM0.1 and DL regression for PM concentration prediction 

are investigated in Section 2. The overview system of PM0.1 

concentration prediction is illustrated in Section 3. Section 4 

concentrates on PM0.1 and meteorological factor acquisition, 

while Section 5 focuses on the DL regression-based model for 

PM0.1 concentration prediction. Section 6 evaluates the 

effectiveness of the DL regression-based model using 

quantitative experiments. Conclusions and future directions 

appear in Section 7. 

 

2. Related works and background knowledge 

This section considers potential technologies and their 

applications in personal thermal comfort. They are relevant to 

physiological IoT and ML techniques to deal with complex 

meteorological factors. 

 

2.1 Ultrafine particulate matter (PM0.1)  

PM0.1 refers to a nanoparticle of about 0.1 micrometers 

(micron) in diameter or smaller, which can quickly and deeply 

translocate all over the human body systems. PM0.1 causes 

tissue damage and is more harmful to human health because 

the toxicity of PM depends on size. Wang et al.[13] examined 

PM0.1 concentrations concerning traffic-related air pollution. 

They employed the NanoScan based on ultrafine size 

measurement to monitor and gather the PM0.1 and revealed 

that the near-road site increased about 30% of total PM0.1 

concentrations. Pham et al.[14] investigated the characteristics 

of PM0.1 concentrations in burning agricultural crop residue. 

They used the nanoparticle sampler to monitor PM0.1 

concentrations and highlighted that concentrations 

significantly increase during the open burning of rice straw. 

Moreover, Mahasakpan et al.[15] explored the effect of PM0.1 

concentrations on health based on the nanoparticle sampler 

and found that it triggered a potential carcinogenic risk 

approximately 1.5 times. Bergmann et al.[16] investigated a 

correlation between PM0.1 concentrations and mortalities, 

triggering respiratory and cardiovascular disease. In this 

manner, accurate measurement of PM0.1 based on real-time 

sensing systems may help people be aware of its concentration 

and enable the environmental government authorities to 

recognize and manage pollution efficiently.  

However, the PM0.1 measurement process is sophisticated; 

for example, Kurotsuchi et al.[17] introduced advanced 

technology for a nanoparticle sampler that can measure PM0.1 

concentrations accurately. It requires skillfully laboratory-

based experiments for professional experts to control quality 
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extensively with expensive instrumentation, and it is almost 

impossible for ordinary people and government decision-

makers to access information on PM0.1 concentration, which is 

especially true in underdeveloped and developing countries 

where the technological infrastructures are unprepared. 

Therefore, an intelligent-driven system for PM0.1 prediction 

plays an essential role in simplifying the measurement process 

of PM0.1 concentrations. It produces results that support 

decision-makers and helps them be aware of the health risks 

of PM's impact at the right time. 

 

2.2 DL regression for PM0.1 concentration prediction 

An intelligent-driven system imitates professional experts, 

encoding complex processes based on automation 

technologies such as ML. It may employ the available 

meteorological factors from a dynamic environment and 

compute and produce the results based on human-like 

specialists. This may help address the limitations of PM0.1 

concentration measurement because of the expensive 

instrumentation required by professional experts. 

Tripathi et al.[18] proposed a novel approach based on ML 

regression to measure PM concentration in the mining 

industry. They summarized that ML regression-based random 

forest could achieve the best predictive performance (RMSE 

of PM concentration = 1.49 µg/m3). Fernández et al.[19] 

proposed an ML regression model for PM concentration 

prediction and discussed that their approach could achieve 

high performance (R2 of PM = 0.83). Their studies focused on 

applying the Internet of Things (IoT)-based PM sensors, the 

tools for real-time data acquisition. These studies aim to 

predict PM1.0, PM2.5, and PM10 based on off-the-shelf sensor 

technologies but did not investigate the techniques for PM0.1 

concentration measurement. This is because the materials for 

measuring PM0.1 concentration are scarce and are still being 

researched. This causes PM0.1 to be unconsidered and is a vital 

gap that needs to be filled. Mishra and Gupta1 expressed that 

DL regression could significantly improve the superior 

predictive performance of PM concentration prediction.[20] DL 

regression is a subset of ML, one of the most potent elements 

of the intelligent-driven system. Therefore, it may benefit 

PM0.1 concentration prediction to deal with its unknown 

patterns in a dynamic environment. 

DL regression extends the traditional concept of ANN 

regression to model the complex environmental patterns of 

PM pollution and produce continuous outcomes such as the 

PM0.1 concentration. It may consist of multiple hidden layers 

depending on the complexity of the task (nonlinear systems) 

that wishes to be modeled.[21] DL regression encodes the 

patterns based on three main aspects, including (1) structure 

design, (2) neuron function, and (3) automatic learning 

improvement. 

Structure design refers to the pre-defined process to 

determine the model's depth based on several hidden layers 

(𝑙𝑎𝑦𝑒𝑟𝑙 ) and neurons (xi

𝑙𝑎𝑦𝑒𝑟𝑙 ). Each hidden layer connects 

through the neuron that can be computed as follows: 

hj
 𝑙𝑎𝑦𝑒𝑟𝑙

  =  ∑ ( wij

𝑙𝑎𝑦𝑒𝑟𝑙 ×  xi

𝑙𝑎𝑦𝑒𝑟𝑙−1)  +  bi
𝑙𝑎𝑦𝑒𝑟𝑙,  wij

𝑙𝑎𝑦𝑒𝑟𝑙 ∈ 

ℝ𝑙𝑎𝑦𝑒𝑟𝑙× 𝑙𝑎𝑦𝑒𝑟𝑙−1                                                                     (1) 

where hj
 𝑙𝑎𝑦𝑒𝑟𝑙

  is the raw output computed by a particular 

neuron based on weight (wij

𝑙𝑎𝑦𝑒𝑟𝑙), and bias (bi
𝑙𝑎𝑦𝑒𝑟𝑙), and prior 

neuron value (xi

𝑙𝑎𝑦𝑒𝑟𝑙−1 ), the weight encodes a coefficiency 

between the previous and present neurons between two hidden 

layers. The bias encodes the positive or negative direction of 

the coefficiency between the two, which lets DL regression 

recognize the complex patterns based on nonlinear 

relationships.  

In this way, the value of hj
 𝑙𝑎𝑦𝑒𝑟𝑙

  is a critical ingredient and 

must be verified whether its values should be attached to the 

next neuron or not, which is the role of the neuron function. 

The neuron function decides whether the two neurons between 

hidden layers should be connected (transferring if useful) or 

ignored (squashing if useless). It is called the activation 

function (α), assigning the neuron's role in taking action in a 

particular prediction process,[22] which can be computed as 

follows: 

 xj

𝑙𝑎𝑦𝑒𝑟𝑙 = α𝑙𝑎𝑦𝑒𝑟𝑙(hj
 𝑙𝑎𝑦𝑒𝑟𝑙

)                      (2) 

The  xj

𝑙𝑎𝑦𝑒𝑟𝑙  represents a neuron role based on α𝑙𝑎𝑦𝑒𝑟𝑙 

threshold that is authorized to be active or inactive. It lets DL 

regression handle the complex pattern based on dynamic 

connections between two hidden layers. As seen, the accurate 

action of neuron function depends on the summation of 

weights and biases, and automatic learning improvement is 

essential in adjusting and discovering these suitable values. 

Automatic learning improvement for DL regression 

investigates the loss between actual outcomes (y
k

𝑙𝑎𝑦𝑒𝑟𝑜𝑢𝑡𝑝𝑢𝑡
 ) 

made by the laboratory-based measurement and predicted 

outcomes ( ŷ
k

𝑙𝑎𝑦𝑒𝑟𝑜𝑢𝑡𝑝𝑢𝑡
 ) made by algorithms given input 

features such as available ambient factors.[23] It employs mean 

squared error (MSE) to measure the loss (LMSE) and can be 

computed as follows: 

𝑙(wij

𝑙𝑎𝑦𝑒𝑟𝑙, bi
𝑙𝑎𝑦𝑒𝑟𝑙) =  ArgMin 

1

n
 ∑ 𝐿𝑀𝑆𝐸(ŷ

k

𝑙𝑎𝑦𝑒𝑟𝑜𝑢𝑡𝑝𝑢𝑡
,  n

 k =1

y
k

𝑙𝑎𝑦𝑒𝑟𝑜𝑢𝑡𝑝𝑢𝑡
)                                                                         (3) 

where l is a tradeoff function, the loss in the model is compared, 

and weights and biases are adjusted to fit with all training data 

n. This process is automatically recursive until the loss is 

minimized (ArgMin function), meaning that actual and 

predicted outcomes are almost identical. In other words, the 

model improves itself until it achieves the level of the 

laboratory-based measurement.  

The three components, structure design, neuron function, 

and automatic learning improvement, help DL regression 

address the challenge of complex patterns in nonlinear 

systems. It is highly potential for applying DL regression to 

PM0.1 concentration predictions. 

 

3. Overview system of PM0.1 concentration prediction 

The proposed real-time system employs meteorological  
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Fig. 1: The overview system of PM0.1 concentration prediction based on fundamental ambient factors. 

 

factors to predict PM0.1 concentration in a particular 

environment. It consists of five sub-processes, including (1) 

Built environment, (2) Data streaming, (3) Feature 

engineering, (4) PM0.1 prediction, and (5) PM0.1 alert system. 

According to Fig. 1, the built environment represents urban 

settings that serve human living, working, and recreational 

spaces. It directly interacts with people and can harm human 

health if it is polluted. Our proposed system measures the 

change of meteorological factors (i.e., fine particles, 

temperature, humidity, wind speed and direction, and 

precipitation) for PM0.1 concentration prediction. Data 

streaming is the first component that connects the built 

environment and the prediction process. It gathers the raw 

meteorological factor signals from the weather station 

provided by the official government based on credible web 

sources. Web crawling technology is an automatic search 

engine that continuously retrieves fresh weather data. 

Different sources may produce different ambient factors based 

on various time scales (e.g., per hour, day, or week), and 

timestamp-based indexing allocates and schedules weather 

data and maps them into a single time-index format that can 

be used to compute PM0.1 concentration. However, weather 

data is collected by various sensors that may include missing 

values, outliers, and inconsistent units (e.g., Fahrenheit or 

Celsius). In this way, feature engineering handles those 

problems using data preprocessing and feature extraction to 

highlight each ambient factor to help support PM0.1 

concentration prediction. The PM0.1 prediction process 

employs preprocessed-based meteorological factors to 

estimate the ultrafine particle's concentration and represent it 

in a human-readable format. Finally, the PM0.1 alert process 

directly feedbacks the outcomes to the built environment to 

support people in realizing the current PM0.1 conditions and 

making better decisions. 

Each sub-system systematically computes based on a 

sequential process (see directed arrows between sub-systems 

in Fig. 1) and runs cycling in real time to serve the needs of 

PM0.1 concentration prediction. The following section 

examines the sub-prediction system's step-by-step detail-

based design and methodology. 

 

4. PM0.1 and meteorological factor acquisition 

The proposed system predicts PM0.1 concentration based on 

the quality of the ambient air samplings. The prediction 

system's effectiveness depends on the dataset's quality for the 

ML process (e.g., training and testing sets). In this way, the 

PM0.1 dataset generation plays a critical role in the system, and 

its efficient dataset production process is shown in Fig. 2.  

There are three main sub-processes in Fig. 2: (a) ambient 

PM0.1 acquisition, (b) PM0.1 data engineering, and (c) 

meteorological factor acquisition. Ambient PM0.1 acquisition 

is a PM0.1 concentration measurement process in which 

aerosol experts must control and operate the empirical study. 

It produces PM0.1 concentration, an actual outcome as the 

target variable that is a critical task that the ML model wants 

to predict. Meteorological acquisition is a weather-related 

feature extraction process discovered from local 

meteorological data. Urban weather stations publicly provide 

it under the support of the meteorological department. The 

features are measurable variables demonstrated on real-time 

web applications to support ordinary people in freely 

accessing information concerning ambient conditions. These 

variables can be input features, and PM0.1 concentration can 

be a predicted label. However, both processes produce the 

outputs from different sources, and combining them into the 

same format must be performed. Data engineering is a critical 

core of the ML model development process, encoding the 

relationship between labels and features. It gathers, cleans, 

transforms, stores, and delivers datasets (input features and 

labels) to build and enhance the DL regression-based model. 

Our proposal systematically integrates the meteorological 

factor and laboratory-based PM0.1 concentrations and 

produces reliable datasets. In the following section, each sub-

process is discussed in more detail. 

 

4.1 Ambient PM0.1 acquisition 

This section aims to gather the PM0.1 concentration according 

to the standards of professional experts as a ground truth or 

label for the ML dataset generation. In this way, a nanoparticle 

sampler is employed as a tool for PM0.1 concentration 

acquisition, as contributed by Furuuchi et al.[24] It is designed, 

controlled, measured, and analyzed based on experiments with 

systematic procedures, and its acquisition process is shown in 

Fig. 2a. 
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Fig. 2: The efficient process of PM0.1 dataset generation consists of three sub-processes, including (a) laboratory-based PM0.1 

acquisition, (b) PM0.1 data engineering, and (c) meteorological factor acquisition. 

 

Fig. 2 shows the five steps of PM0.1 concentration 

acquisition using the nanoparticle sampler. Preparation of the 

sampling includes filter treatment to remove impurities by pre-

heating all filters at 350 °C for one hour, conditioning in a 

desiccator at 25 ± 2 °C and 50 ± 5% relative humidity (RH) 

for 72 h,[5,15] weighing in a 5-digit analytical balance, filter 

storage in an aluminum foil wrap and plastic bag before 

sampling, and sampler cleanup by an ultrasonic bath. The 

nanosampler consists of (1) four impactor stages, (2) an 

inertial filter cassette, and (3) a backup filter. Each impactor 

stage consists of a filter acting as an impactor below the 

corresponding acceleration nozzle to collect particles where 

the cut-off aerodynamic diameters are 10, 2.5, 1.0, and 0.5 

microns, respectively. Inertial filters capture particles with an 

aerodynamic diameter >0.1 micron, and backup filters collect 

all the particles smaller than 0.1 micron or PM0.1. The filters 

are placed in the sampler before setting it up in a sampling 

house stationed roughly 10 m above the ground.[14] The airflow 

rate is set to 40 L min-1 using a vacuum pump and a calibrated 

rotameter. The sampling period is usually 72-120 hours, 

depending on ambient particle concentration. A timer records 

actual sampling time to avoid errors in possible power outages. 

After sampling, the filters are folded in half, treated in the 

same desiccator under identical conditions as the pre-

treatment, stored in the same aluminum wraps and plastic bags, 

weighted, and refrigerated in a freezer before chemical 

analysis. Finally, the recorded PM0.1 concentration is tagged 

by timestamp to identify digital signature events. 

Ambient PM0.1 measurement of the abovementioned 

procedure makes each sample reliable and can be a label or 

actual outcome of meteorological factors to construct a 

complete dataset. The following section will examine the 

primary meteorological factor collection that can be gathered 

from available sources. 

 

4.2 Meteorological factor acquisition 

Smart cities offer real-time meteorological data based on a 

web application that comprises meteorological factors. It can 

be accessed anywhere at any time and represented at different 

levels (e.g., global scale, regional scale, local scale).[25] Yu et 

al.[26] investigated universally available data sources of 

ground-based monitoring stations worldwide. They found that 

such relevant ambient factors were produced by various 

temporal resolutions such as hourly, 3-hourly, daily, monthly, 

and yearly. Our system might utilize these existing 

meteorological factors as input features.[27] The essential 

meteorological factors include PM2.5, temperature, wind speed, 

wind direction, humidity, precipitation, radiation, atmospheric 

pressure, and planetary boundary layer height. Chen et al.[28] 

investigated the role of meteorological factors affecting PM. 

They found that (1) radiation, (2) planetary boundary layer 

height, and (3) atmospheric pressure are secondary factors that 

can be derived from temperature, humidity, and wind. To this 

extent, we can cut these indirect factors out of our input system 

and finally consist of six critical features: (1) temperature, (2) 

humidity, (3) wind speed, (4) wind direction, (5) precipitation, 

and (6) PM2.5, vital components of the PM0.1 prediction 

process. This highlights that our model’s design and 

development process is built based on comprehensive data and 

generates reliable outcomes. 

The web crawler can be applied to collect relevant 

meteorological factors for our input system. It is an essential 

technology that retrieves meteorological factors automatically. 

It employs a fixed schema based on metadata to continuously 

collect updated ambient information from real-time web 

applications at a specified period (e.g., every hour).  

 

4.3 Feature engineering 

Feature engineering is the first step of DL regression-based 

model development, transforming the raw data into 

meaningful features corresponding to actual outcomes. It may 

concern data quality control, including outliers, missing values, 

duplications, and standardizations (e.g., date-time format from 

different sources) that affect the model's predictive 
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performance.  

Date-time processing is a core data generation process 

when various sources may produce relevant factors that are 

precursors of input features. Moreover, it is an index of the 

relationship between the input feature and the actual labels. In 

other words, an inconsistent date-time format may cause the 

system not to produce an accurate dataset. Furthermore, date-

time may provide hidden features such as rush hour, weekend, 

and season that impact the PM0.1 prediction process. 

Outliers are a common problem when sensor devices 

produce electrical noise that is undesirable data points caused 

by electronic circuit issues. For instance, if an ambient 

temperature is detected as 185 °C by a defect sensor, it can be 

interpreted that such malfunction output may be affected by an 

inaccurate measurement. The dataset must not include it since 

that condition never occurs in real life. In this way, noise 

detection and removal are critical processes in controlling data 

quality. 

Missing values are another common issue when sensor 

devices cannot recode desirable data points of certain 

meteorological factors caused by inconsistent government 

policy, improper maintenance, or failure due to human error. 

For example, the meteorological department may recode and 

store the temperature every hour and the PM2.5 every 2 hours, 

causing PM2.5 to become unknown values at the temperature 

time index scale. The data interpolation process estimates the 

missing values between two recoded values. In other words, 

data interpolation can estimate and fill the unknown PM2.5 

values and represent them in the same temperature time index 

scale.  

All laboratory-based PM0.1 and primary meteorological 

factor values are set in the standard time index scale, named 

the complete dataset, based on the machine-readable format. 

Pandas, an open-source Python data analysis library, can be 

employed to resolve the issues of the three processing 

components. DL regression-based model can learn the task 

from the dataset and improve its performance automatically. 

 

5. DL regression-based model for PM0.1 concentration 

prediction 

The outstanding role of the DL regression-based model is to 

discover the hidden features from complex and dynamic input, 

such as meteorological factors aligned with labels like PM0.1. 

Moreover, it supports advanced computing-based hardware 

like GPUs and TPUs that help learn more profoundly and 

faster than traditional models. This section elaborates on the 

critical components of the DL regression model design and 

development. 

 

5.1 Area study-based data description 

The air sampling was set up at the open rooftop of Sirindhorn 

Applied Research Engineering Building, Faculty of 

Engineering, Prince of Songkla University (PSU; 7°00'21.8'' 

N, 100°30'08.6'' E), Hat Yai, Songkhla, Thailand. Hat Yai is 

one the major cities in southern Thailand, with a population of 

approximately 500,000 in 2022, covering roughly 850 square 

kilometers. This location can be categorized by three seasons: 

the dry season between January and April, the pre-monsoon 

between May and August, and the monsoon between 

September and December. The wind speed averages and 

directions during the dry and monsoon season are 13–22 km/h 

east-bound and 9–11 km/h southwest-bound, respectively. In 

other words, the season changes (e.g., meteorological factors) 

may characterize the behavior of the PM0.1 concentration 

differently.[14]  

We continuously collected the meteorological factors 

covering all three seasons from the local weather station under 

the service of the Thai Meteorological Department between 

January 1, 2016, and December 31, 2023. The station was 

close to the sampling location (around 1.5 kilometers), which 

can infer that factors could represent the ambient around our 

area study. The factors were recorded every three hours, 

including (1) temperature, (2) relative humidity, (3) wind 

speed, (4) wind direction, (5) precipitation, and (6) PM2.5 

concentration. A statistical description of the dataset is shown 

in Table 1 as follows: 

Table 1: A statistical description of the dataset. 

No. Feature Statistical description 

1 Temperature (°C) 20.90 – 36.40 (μ: 27.77 ± 2.84) 

2 
Relative humidity 

(%) 
40.00 – 100.0 (μ: 80.82 ± 13.5) 

3 Wind speed (m/s) 0.000 – 10.00 (μ: 1.661 ± 2.58) 

4 
Wind direction 

(degree) 
0.000 – 310.0 (μ: 42.93 ± 77.4) 

5 
Precipitation 

(millimeter) 
0.000 – 48.72 (μ: 5.092 ± 8.91) 

6 
PM2.5 concentration 

(μg/m3) 
5.000 – 37.06 (μ: 17.28 ± 5.59) 

7 
PM0.1 concentration 

(μg/m3) 
0.000 – 6.104 (μ: 1.556 ± 1.13) 

 

In the same period, we collected PM0.1 concentration using 

the nanosampler to label the relevant meteorological factors. 

The procedure for acquiring PM0.1 followed the steps outlined 

in section 4.1. Finally, data engineering was applied to 

standardize and transform relevant factors into input features 

and labels (complete dataset). All meteorological factors and 

PM0.1 concentration were interpolated based on three-hour-

based transactions following the frequency of the Thai 

Meteorological Department service 

(https://data.tmd.go.th/dataset/index.php.).[29] Finally, the 

dataset was stored for 23,892 transactions. However, our 

datasets are limited by area study with the complex data 

acquisition process, so we applied statistical technique-based 

10-fold-cross-validation that randomly and fairly shuffles the 

dataset into training and testing datasets. They can be used to 

design and develop a DL regression-based model for PM0.1 

concentration prediction. 
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5.2 DL regression-based model design and development 

The design of the DL regression-based model is essential for 

automatic knowledge discovery, such as predicting PM0.1 

concentration given complex meteorological factors. It is a 

process of pre-defined hyperparameters that includes (1) a 

model structure, (2) learning improvement, and (3) 

regularization. These three processes help the model 

determine unknown values of the model's parameters: weight 

(w) and bias (b). In other words, the suitable setup of the 

hyperparameter can automatically estimate and calibrate fitted 

w and b. 

Pre-defined hyperparameters are technical designs that 

explore and combine optimal points between (1) a model 

structure, (2) learning improvement, and (3) regularization 

based on large search spaces to fit w and b. It is based on the 

accomplishment of the best predictive performance. The 

hyperparameters of each process are shown in Table 2. 

Table 2: Hyperparameter configuration for DL regression-based 

model design. 

Configuration Hyperparameter Search Space 

Model Structure 

Hidden layer [1, 2, 3, …10] 

Neuron [8, 16, 32, …1024] 

Activation 

function 

ReLU, Leaky ReLU, 

Parametric ReLU 

Learning 

improvement 

Epoch 
[100, 200, 

300, …1500] 

Batch size [4, 8, 16, …1024] 

Optimizer 

Stochastic gradient 

descent (SGD), Adam, 

RMSprop 

Learning rate [0.001, 0.050, 0.100] 

Loss function 

Mean squared error 

(MSE) loss, Mean 

absolute error (MAE) 

loss 

Regularization 

Dropout [0.1, 0.2,0.3, …1.0] 

Batch 

normalization 

Batch size-based 

mean and standard 

Weight decay [0.001, 0.050, 0.100] 

 

Table 2 shows the hyperparameter configuration for DL 

regression-based model design based on includes (1) a model 

structure, (2) learning improvement, and (3) regularization. 

The model structure consists of a set of hidden layers and 

neurons where the purpose of the hidden layer is to encode the 

nonlinear function (unobservable patterns) between input and 

output and the neuron to encode the dynamic flow between 

layers. 

Learning improvement automatically estimates the w and 

b of each neuron between hidden layers, given the training 

dataset. It employs epoch, batch size, optimizer, learning rate, 

and loss function to adjust and fit w and b given complex 

meteorological factors as input features and PM0.1 

concentration as desirable outcomes. Epoch represents the 

number of times DL repeatedly learns from the complete 

dataset. Batch size is the number of subsamples in each epoch 

that DL employs to update and adjust the w and b. The 

Optimizer tunes the w and b based on batch size and controls 

the speeds of updates using learning rates. It aims to minimize 

errors by comparing input features and desirable outcomes 

using the loss function. 

Regularization applies to our case study with a high-quality 

measurement process, but the data was explicitly gathered in 

a single-sided setup. It causes overfitting problems because the 

model can encode the patterns in the area study but might not 

recognize the rest. Batch normalization rescales the input 

features based on the standard ranges. Dropout introduces 

additional patterns by randomly removing neural units that 

may not occur in the dataset. Weight decay generalizes the 

significant adjustment of w and b (exploding gradients), which 

is the critical cause of overcoming overfitting. It helps the 

learning improvement process compute w and b smoothly and 

generates a stable connection between layers. 

Implementing hyperparameter configuration for DL 

regression-based model design utilized PyTorch framework 

and ecosystem, an open-source-based Python project for deep 

learning development. The development process was run 

based on GPU-accelerated applications with the CUDA model 

(NVIDIA GeForce RTX 4070 Ti). The technical concept of 

grid search was applied to discover optimal hyperparameters 

of the DL regression model for PM0.1 concentration prediction. 

It explores the best hyperparameter combination, scoring the 

optimal discovery of the best model structure, which can 

minimize loss during learning in each batch. Our study based 

on the training set found that the pre-configured 

hyperparameters of the epoch, batch size, dropout, learning 

rate, and weight decay were 500, 16, 0.2, 0.001, and 0.001, 

respectively. It was based on MSE Loss, ReLU activation, and 

Adam optimizer, which were suitable for the DL regression 

modeling for the PM0.1 concentration prediction system. 

However, the recent loss measured the errors within the 

algorithms given training data to benefit the computer 

program to diminish errors (e.g., misestimation of w and b 

between layers); it did not reflect the model performances 

based on a meaningful hypothesis to benefit human 

understanding. For instance, can the DL regression model 

accurately predict PM0.1 concentration? The question uses 

real-world assumptions to compare the DL model's ability 

with human-like intelligence. In this way, the following 

section will validate the model performance to highlight how 

the proposed model achieves laboratory-based PM0.1 

measurement standards as human-like intelligence to support 

decision-making. 

 

5.3 Experiment 

The effectiveness of the prediction system for PM0.1 

concentration depends on the performance estimation of the 

DL regression model, which means it can generate the 

outcome of achieving laboratory-based PM0.1 measurement 
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standards given meteorological factors.  

The dataset comprises 23,892 transactions (as mentioned 

in section 5.1), presenting a limited sample size. To evaluate 

the generalization performance of the DL regression model 

and mitigate the risk of overfitting, we employed 10-fold 

cross-validation on the training portion. In this approach, the 

training dataset is randomly partitioned into ten equal-sized 

subsets. In each fold, nine subsets are used for training the 

model, while the remaining subset serves as a validation set. 

This iterative process ensures that every data point in the 

training portion is used for training and validation once during 

the 10-fold cross-validation procedure, and the model is 

evaluated on unseen validation data in each fold, providing a 

robust assessment of the model's generalization ability. The 

optimal model structure is determined by averaging the results 

across all ten folds, yielding a more reliable estimate of its true 

performance, and evaluating the test set with the selected 

model. 

We wish to verify the optimal structure of the DL 

regression model that can explain the variance in the PM0.1 

concentration based on meteorological factors. Moreover, we 

evaluate the predictive ability, comparing the average 

prediction error between the DL regression model's ability 

(predicted outcome) and laboratory-based PM0.1 measurement 

standard (actual outcome). 

 

5.4 Evaluation metrics 

This study employs two evaluation-based statistical metrics of 

a fundamental regression model: R-squared (R2) and root 

mean squared error (RMSE). These metrics quantify how well 

the DL regression models predict the PM0.1 concentration 

against actual outcomes. R2 is a coefficient of determination 

metric that measures the goodness-of-fit of our proposed 

models, the proportion of the PM0.1 concentration variance 

explained by the meteorological factors. It can be calculated 

as follows: 

R2 = 1-
∑ (y

i
–ŷ

i
)
2

∑ (y
i
– ȳ

i
 )

2                             (4) 

where Σ(yi–ŷi)2 computes the sum of squares of errors where 

yi represents the actual outcome of the PM0.1 concentration, 

and ŷi represents the predicted outcome of the PM0.1 

concentration. Σ(yi–ȳi)2 computes the sum of squares that ȳi 

represents the simple mean of the PM0.1 concentration 

(without considering the influence of the input features or 

meteorological factors). R2 may take a value between 0 and 1, 

and 1 means 100% that the DL regression model based on 

meteorological factors can effectively encode all the variations 

in the PM0.1 concentration. 

RMSE measures the predictive errors around the line of 

models' best fit using the Euclidean distance between the 

actual measurement of PM0.1 concentration and predicted 

outcomes. It can be calculated as follows: 

RMSE = √∑
(y

i
– ŷ

i
)
2

n
                        (5) 

where n is the number of transactions in testing data, the RMSE 

signifies how well the DL regression model can accurately 

estimate the PM0.1 concentration. The RMSE value expresses 

the distance of the model estimation from the laboratory-based 

PM0.1 measurement standard. If the RMSE value is close to 0, 

the DL regression model can correctly predict PM0.1 

concentration as perfectly as the laboratory-based PM0.1 

concentration measurement. 

 

6. Results and discussion 

This experiment investigates the model effectiveness of the 

prediction system for PM0.1 concentration. The ML models 

were evaluated by RMSE and R2, implemented by the sci-kit-

learn, a simple and efficient Python-based library for ML 

validation. It explores the best-fit ML regression models, 

focusing on distance-based algorithms to encode the hidden 

pattern between the X- and Y-axises. The traditional 

algorithms, including linear regression (LR), k-nearest 

neighbors (KNN), support vector machine (SVM), and ANN, 

are distance-based computing techniques that are applied to be 

a baseline of our proposed DL regression model. The models 

were implemented based on the sci-kit-learn library with 

default hyperparameters, which were set up as follows: KNN 

(K = 5, weights = uniform, and metric = Euclidean distance), 

SVM (regularization parameter (C) = 1.0 and kernel = radial 

basis function (RBF), and ANN (hidden layer's neurons = 

1024). We repeated the experiment ten times to ensure the 

results did not occur by chance (e.g., by initializing intercept 

and coefficient). This way, the best results of each traditional 

distance-based algorithm's learning performance were 

compared based on the ten-round RMSE and R2 mean with 

standard deviation (SD), as shown in Table 3.  

Table 3: The comparative effectiveness of four traditional ML 

regression models using RMSE and R2. 

ML 

model 

R2 

mean 
R2 SD 

RMSE 

mean 
RMSE SD 

LR 0.4436 0.0077 0.7098 0.0101 

KNN 0.5991 0.0078 0.6025 0.0114 

SVM 0.5791 0.0129 0.6172 0.0093 

ANN 0.7718 0.0204 0.4540 0.0194 

 

Table 3 compares four traditional ML regression models, 

and overall performances are quite low. LR produced the 

lowest R2, achieving 44.36% of PM0.1 concertation variations, 

and the highest RMSE, producing an error of 0.7098 ± 0.0101 

µg/m3. This means that LR could deal with the uncertainty of 

complex meteorological factors poorly, while KNN and SVM 

could control uncertainty moderately. This is because these 

traditional models do not support regularization and limit the 

learning process's ability to achieve accurate performance. 

This suggests that they may not fit to encode uncertain patterns 

of PM0.1 concentration in dynamic environments. 

In contrast, ANN performed better than the rest because it 

had an optional function within hidden layers and neurons to 

model nonlinear patterns of PM0.1 concentration. The ANN's 

https://www.espublisher.com/


Engineered Science                                                                                                                                                                                Research article        

 

Engineered Science Publisher                                                                                                                                    Eng. Sci., 2025, 33, 1375 | 9  

results are acceptable, achieving 77.18% of PM0.1 concertation 

variations and the lowest RMSE, approximately 0.4540 ± 

0.0194 µg/m3. However, improving the baseline models' 

performance to be close to the laboratory-based measurement 

is challenging. In this way, we highlight this impressive gap 

by proposing DL regression models that employ pre-

configuration of automatic learning improvement and 

regularization hyperparameters (see Table 2). The comparative 

results of seven DL regression models are shown in Table 4. 

Table 4: The comparative effectiveness of seven DL regression 

models using RMSE and R2. 

Layer Neuron 
R2 

mean 
R2 SD 

RMSE 

mean 

RMSE 

SD 

1-

hidden 

layer 

1024 0.8571 0.0077 0.3566 0.0071 

2-

hidden 

layer 

1024-256 0.8869 0.0019 0.3173 0.0026 

3-

hidden 

layer 

512-1024-

512 
0.9098 0.0030 0.2833 0.0035 

4-

hidden 

layer 

512-1024-

256-128 
0.9229 0.0028 0.2620 0.0032 

5-

hidden 

layer 

256-512-

1024-256-

128 

0.9252 0.0027 0.2581 0.0042 

6-

hidden 

layer 

128-256-

512-1024-

512-256 

0.9158 0.0039 0.2738 0.0053 

7-

hidden 

layer 

128-256-

512-512-

256-128-

128 

0.9151 0.0016 0.2749 0.0026 

Average 0.9046 0.0034 0.2954 0.0040 

Table 4 determines seven DL regression models based on 

their hidden layers and neurons. Average R2 approved which 

models effectively fit meteorological factors aligned with 

PM0.1 concertation, and average RMSE approved the best 

predictive performance of the models. Overall, the models 

could fit PM0.1 concertation perfectly, which is 90.46 ± 0.34%, 

and could predict excellent performance with a slight error of 

0.2954 ± 0.0040 µg/m3. This highlights our research 

contribution that the DL regression model could estimate 

PM0.1 concentration using available meteorological factors, 

including PM2.5, temperature, humidity, wind speed and 

direction, and precipitation. However, delving into the specific 

aspects of the models, we can see competent differences in 

details. 

The 1- and 2-hidden layer-based models could fit 

variations of PM0.1 concertation, which achieved 85.71% and 

88.69%, respectively. The 1-hidden layer-based model 

produced the highest error, 0.36 µg/m3, but outperformed the 

standard ANN because it employed the hyperparameters-

based configuration (see Table 1). If the 1-hidden layer-based 

model predicts PM0.1 concentration to be 4.10 µg/m3, it might 

be far from the laboratory-based measurement standard, 

around 3.74 and 4.46 µg/m3. This is because of the underfitting 

problems; the 1-hidden layer cannot encode the multi-

dimensions of meteorological input features, which 

dynamically change in nature and complex patterns, and some 

features may depend on one another. 

On the other hand, the 4- and 5-hidden-layer-based models 

perform the best-fit models, which reached 92.29% and 

92.25%, respectively. They could effectively estimate PM0.1 

concertation with slight errors of 0.2620 ± 0.0032 and 0.2851 

± 0.0042 µg/m3 compared to the laboratory-based PM0.1 

measurement. The additional layers help encode the 

complexity of meteorological factors. The results highlight 

that the DL regression models can improve the predictive 

performance higher than the Artificial Neural Network (see 1-

layer-based model results) by approximately 6%.  

 
Fig. 3: The trends and directions of seven DL regression models are based on different hidden layers, using RMSE for predictive 

ability and R2 for learning ability. (a) The learning ability of DL regression models encodes the variance in the PM0.1 concentration 

based on the primary meteorological factors. (b) The predictive ability is based on error comparisons between the DL regression 

model's ability and human-like intelligence. 
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In the 6- and 7-hidden-layer-based models, however, R2 

and RMSE were worse than the 4- and 5-hidden-layers while 

having more layers and neurons. Moreover, the R2 and RMSE 

SDs were widespread and inconsistent in the prediction when 

the unseen data were fed. This is because it suffered from 

overfitting that learned strictly fitting with training data and 

encoded too many patterns based on intensive layers and 

neurons. This suggests that hidden layers over five may be 

wasteful for PM0.1 concertation modeling. 

Fig. 3 demonstrates the trends and directions of the R2-

based learning ability and RMSE-based predictive ability of 

seven DL regression models under different hidden layers. 

Figs. 3(a) and (b) expressed that the number of hidden layers 

lower and higher than 4 and 5 could be underfitted and 

overfited, respectively, and adding more layers and neurons 

into the model structures cannot help improve the predictive 

and learning abilities. The graphs also highlight that the 

performances of the 4- and 5-hidden-layer-based models are 

almost identical, but the 4-hidden-layer-based model may be 

more suitable. This is especially true if computational costs are 

concerned. Since more layers and neurons are added, more 

computational costs are required. This suggests that the 4-

hidden-layer-based model is good enough for an intelligent-

driven PM0.1 concentration prediction based on 

meteorological factors, which helps produce accurate results 

based on laboratory-based PM0.1 measurement standards. 

However, some meteorological features still face challenges in 

discovering new input features that may improve their model 

accuracies. For instance, recent input features did not consider 

the sequences of events based on long-term and short-term 

dependencies, which are critical features in estimating PM0.1 

concentration patterns. 

This suggests that the 4-hidden-layer-based model is good 

enough for an intelligent-driven PM0.1 concentration 

prediction based on meteorological factors, which helps 

produce accurate results based on laboratory-based PM0.1 

measurement standards.  

Fig. 4 illustrates the optimal DL regression model's 

performance, including training and validation loss curves 

obtained through 10-fold cross-validation and comparing 

outcomes between predicted PM0.1 concentrations and those 

measured in the laboratory. 

In summary, this research demonstrates the potential of a 

DL regression model to accurately predict PM0.1 

concentrations in urban environments, offering a valuable 

system for air quality monitoring and management. The 

system employs available meteorological data from open 

services to provide near real-time predictions of PM0.1 

concentrations at specific city locations, yielding results 

comparable to laboratory-based PM0.1 measurements. It is 

based on DL regression-based technologies that provide an 

alternative way to overcome sophisticated processes and 

expensive instruments of laboratory-based PM0.1 

measurement. The vital contribution is that our proposed 

model can improve the predictive performance by 

approximately 15% compared to traditional ANN, with 

particularly strong performance in urban cities with warm and 

high-humid climates. 

The model proved particularly effective in handling our 

city's complex meteorological patterns, successfully 

incorporating multiple factors, including PM2.5, temperature, 

humidity, wind patterns, and precipitation. The seven-year 

dataset effectively captures periodic and seasonal variations, 

including dry seasons, monsoons, and notable climate events 

(e.g., high pollution episodes in the harvesting season affected 

by agriculture hotspots), especially in its analysis of PM0.1 

dynamics. 

This suggests that it can support environmental authorities 

in accessing PM0.1 concentration information to issue timely 

air quality advisories and plan adaptation strategies for 

vulnerable populations, inform urban planning decisions, and 

guide the development and implementation of effective air 

quality regulations and pollution control strategies. Moreover, 

this benefits regions with limited access to expensive 

laboratory-based PM0.1 monitoring equipment, enabling more 

cost-effective and accessible air quality assessments.  

Future research can focus on evaluating and refining the 

model's performance in diverse urban settings and incorporate  

 
Fig. 4: The performance of the optimal DL model, (a) Training and validation loss curves of the 10-fold cross-validation, (b) 

Comparison of outcomes between predicted and laboratory-measured PM0.1 concentrations. 

(a) (b)
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additional environmental factors like land use and traffic data. 

Moreover, some meteorological features still face challenges 

in discovering new input features that may improve their 

model accuracy. For instance, recent input features did not 

consider the sequences of events based on long-term and 

short-term dependencies, which are critical features in 

estimating PM0.1 concentration patterns. 

 

7. Conclusion 

This research has proposed a DL regression model for the 

PM0.1 concentration prediction system to estimate accurate 

results based on laboratory-based measurement standards. 

This approach advances our understanding of atmospheric 

composition by providing a novel method to assess ultrafine 

particle concentrations. It is especially needed when the 

government cannot provide the PM0.1 measurement 

infrastructure (because of sophisticated processes and 

expensive instruments), and environmental authorities cannot 

access PM0.1 information. This limitation in data availability 

hinders comprehensive analysis of atmospheric components 

and their impacts. Lack of information causes decision-makers 

and policymakers to be challenged to manage and control the 

situations. In contrast, our proposed model enables 

environmental authorities to monitor and detect the 

concentration of PM0.1, avoid risky environments, and prevent 

severe health conditions. 

The models employ existing meteorological factors (i.e., 

PM2.5, temperature, humidity, wind speed and direction, and 

precipitation) and fit with PM0.1 collected by the nanoparticle 

sampler, an accurate device for PM0.1 measurement. The 

design and development of the DL regression-based model 

focuses on investigating the best-fit model structures based on 

different hidden layers and neurons (w and b). The suitable 

hyperparameters are explored and utilized to pre-configure for 

model structure discovery to encode complex PM0.1 

concentration patterns with precise prediction and produce 

reliable outcomes. 

Our experiments based on R2 and RMSE prove that the 

proposed models are reasonably acceptable, employ simple 

meteorological factors, and predict accurate PM0.1 

concentration in laboratory-based measurement standards. 

Moreover, the results demonstrate that the model structure 

based on 4-hidden layers is the best fit, which is optimal for 

the PM0.1 prediction system (R2 = 92.29% and RMSE = 0.26 

µg/m3). This suggests that the proposed model can add critical 

significance to the PM0.1 concentration prediction system to 

generate accurate and reliable results. It ensures that even 

countries with poorly prepared technologies, environmental 

authorities, decision-makers, and policymakers can still 

employ alternative information to understand the situation and 

manage PM0.1 pollution confidently and efficiently. 

Our proposed model focuses on a single site, a big-picture 

area study. However, the characteristics of PM0.1 concertation 

may vary based on the geographical location, contributing to 

spatial variations in atmospheric composition. For instance, 

the near-roadway area and industrial region may produce 

PM0.1 concentration differently, reflecting diverse 

anthropogenic sources and their impacts on local air quality. 

Moreover, cultural activities such as burning incense in Asia, 

part of everyday life, may produce intensive PM0.1 

concentration, highlighting the need to understand region-

specific contributions to atmospheric particulate matter. In the 

future, we will expand the models for PM0.1 concertation 

prediction to new environments, focusing on various urban 

areas with specific problems to help support particular 

occupants (e.g., older people and people with respiratory 

conditions). This expansion will enhance our understanding of 

PM0.1 distribution and transformation processes across 

atmospheric conditions. We also plan to consider advanced 

model mechanisms to identify cause-and-effect relationships 

between meteorological factors that may semantically 

influence PM0.1 concertation. This may benefit ordinary 

occupants by helping them understand why such PM0.1 

concertation is generated and helping government authorities 

design the policy for long-term sustainability and occupant 

wellbeing. 
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