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Abstract: With the rapid urbanization and industrialization in Taiwan, pollutants generated from
industrial processes, coal combustion, and vehicle emissions have led to severe air pollution issues.
This study focuses on predicting the fine particulate matter (PM2.5) concentration. This enables
individuals to be aware of their immediate surroundings in advance, reducing their exposure to high
concentrations of fine particulate matter. The research area includes Keelung City and Xizhi District in
New Taipei City, located in northern Taiwan. This study establishes five fine prediction models based
on machine-learning algorithms, namely, the deep neural network (DNN), M5’ decision tree algorithm
(M5P), M5’ rules decision tree algorithm (M5Rules), alternating model tree (AMT), and multiple
linear regression (MLR). Based on the predictive results from these five models, the study evaluates
the optimal model for forecast horizons and proposes a real-time PM2.5 concentration prediction
system by integrating various models. The results demonstrate that the prediction errors vary across
different models at different forecast horizons, with no single model consistently outperforming the
others. Therefore, the establishment of a hybrid prediction system proves to be more accurate in
predicting future PM2.5 concentration compared to a single model. To assess the practicality of the
system, the study process involved simulating data, with a particular focus on the winter season
when high PM2.5 concentrations are prevalent. The predictive system generated excellent results,
even though errors increased in long-term predictions. The system can promptly adjust its predictions
over time, effectively forecasting the PM2.5 concentration for the next 12 h.

Keywords: particulate matter concentration; prediction; neural networks; decision trees; system

1. Introduction

In daily life, high concentrations of fine particulate matter (PM2.5) pose a significant
risk to human health. However, due to the high cost of establishing air quality monitoring
stations, their quantity and locations are often limited. Moreover, the data collected from
these monitoring stations only represent concentrations within specific ranges, failing to
meet the expectations of the general public regarding environmental air quality. Therefore,
there is a need to develop precise methods to predict the PM2.5 concentration in specific
regions accurately. This would enable the accurate forecasting of PM2.5 concentrations
for the upcoming hours (such as 1 to 12 h), allowing individuals to prepare appropriate
measures before engaging in outdoor activities.

In Taiwan, with the rapid development of the Taipei metropolitan area, satellite cities
such as Keelung and Xizhi have also experienced significant growth, accompanied by
an increased level of industrialization. Emissions from automobiles, vehicular dust, and
pollutants generated from residential and commercial activities have contributed to the
presence of particulate matter in the environment. Kong et al. [1] pointed out that the
urbanization and industrialization processes often result in environmental impacts, with
coal combustion, vehicle emissions, industrial processes, and petroleum usage frequently
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leading to high concentrations of smog and PM2.5, becoming a growing public crisis
in metropolitan areas. The purpose of this study is to predict fine particulate matter
concentrations and develop a hybrid real-time prediction system. This system aims to
provide the public with forecasts of PM2.5 concentration for the upcoming hours, allowing
them to make informed decisions regarding protective measures before heading outdoors.
The study locations include monitoring stations in Keelung and Xizhi, where the real-time
prediction system is established to forecast PM2.5 concentrations.

Air pollution has become a widely recognized concern in recent years, prompting
governments worldwide to implement regulations to reduce pollution sources. However,
due to the movement of air masses, pollution sources are not confined to local areas and can
be affected by the nearby and long-range transport of pollutants [2–6]. Therefore, the study
of PM2.5 transport through atmospheric dynamics has been extensively applied to simulate
regional PM2.5 [7–11]. Nonetheless, the formation and development of PM2.5 are complex,
and atmospheric dispersion models have limitations in predicting PM2.5 concentration [12].

In recent years, machine-learning techniques have been applied to predict fine par-
ticulate matter [13–16]. Corani [17] used feed-forward neural network models, pruned
neural network models, and lazy learning to predict the major air pollutants, O3 and
PM10 concentrations, in Milan, Italy. The results showed no significant differences in
the predictive accuracy. Bai et al. [18] presented an air quality prediction method using
backpropagation neural networks combined with wavelet analysis. They used wavelet
coefficients of air pollutant concentrations from the previous day and local meteorological
data to predict daily air pollutant concentrations. Siwek and Osowski [19] presented a
system for predicting next-day air pollution using multilayer perceptrons (MLPs), radial
basis functions, and support vector machines (SVMs). They used genetic algorithms and
a stepwise fitting approach for feature selection and applied the selected feature set as
input features for random forests. The results showed that the prediction through this
method outperformed direct feature application in random forests. Li and Zhu [20] pro-
posed a pollution source selection method using fuzzy evaluation and rough set theory.
They used a neural network extreme learning machine to build a deterministic prediction
model, effectively predicting the air quality in six major Chinese cities. This novel hybrid
air quality warning technique simplifies the existing air quality warning system’s work
and enhances its efficiency. Mehdipour et al. [21] used meteorological data and chemical
components to predict fine particulate matter concentrations. They built three models,
decision trees, Bayesian networks, and SVM, and compared their prediction results. The
SVM model exhibited the best performance, but the decision tree and Bayesian network
methods also provided good results. Wang and Song [22] developed a spatial–temporal
ensemble model based on long short-term memory using Granger causality for monitoring
data and meteorological data between air quality monitoring stations. Lee et al. [23] intro-
duced a gradient-boosted machine-learning approach for predicting PM2.5 concentration
in Taiwan. Ma et al. [24] adopted four types of machine-learning models including the
random forest model, ridge regression model, SVM, and extremely randomized trees model
to predict PM2.5 concentration. Dai et al. [25] proposed a hybrid VAR-tree model to estimate
the spatial and temporal distribution of O3 concentration by using atmospheric pollutant
data and meteorological data. Dai et al. [26] proposed a high-dimensional multi-objective
optimal dispatch strategy for power systems based on the air pollutant dispersion model,
which focuses on cost reduction and CO emission reduction in non-pollution days.

Air pollution in Taiwan is significantly influenced by long-range transport from over-
seas, as pollutants are carried by the northeast monsoon, impacting air quality [27]. Con-
sequently, the factors affecting airborne particulate matter vary by region. The relation-
ships between meteorological factors, pollutants, and PM2.5 concentration exhibit regional
variations [28–31]. In a study by Hsu et al. [32], research focused on weather patterns
and associated air pollution in Taiwan. The findings revealed that concentrations of air
pollutants such as PM2.5, particulate matter (PM10), and ozone (O3) demonstrate specific
air quality variations in different regions under various weather patterns. In light of these
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challenges, this study aims to develop an hourly conceptual system for PM2.5 forecasting
utilizing machine-learning techniques. The objectives of the study include:

(1) This study utilizes machine-learning models, including artificial neural networks,
decision trees, and linear regression, to construct predictive models for PM2.5 con-
centration. Subsequently, the study aims to identify the most appropriate models for
real-time forecasting analysis.

(2) Given the uncertainty in determining the optimal model for predictions ranging from
1 to 12 h, this study seeks to develop an effective real-time prediction system. The
proposed system aims to create an ensemble table for each prediction time horizon by
incorporating results from diverse models. Subsequently, the system selects the most
suitable prediction model for each time horizon through the ensemble table, thereby
enhancing the accuracy of PM2.5 concentration predictions.

2. Methodology

The primary goal of this study is to develop a methodology for accurately predicting
PM2.5 concentration in a specific region. The research encompasses the establishment of
predictive models, including deep neural networks (DNNs), the non-linear continuous data
tree regression algorithm M5’ (referred to as M5P), the non-linear optimization rule-based
tree regression algorithm (M5’Rules, referred to as M5Rules), the alternating model tree
(AMT), and the multiple linear regression (MLR). Acknowledging the inherent challenge
that no single model can achieve complete precision in the field of machine learning, the
study addresses this limitation by integrating the predictive capabilities of various models.

To mitigate the potential for significant errors in predictions, the study proposes the
creation of a real-time prediction system that provides forecasts at different time horizons.
Therefore, the research designs a comprehensive system to tackle this issue.

2.1. Modeling Procedure

The study establishes a real-time prediction system through the following steps.

• The first step is data collection, which involves gathering meteorological and pollutant
data from the air quality monitoring website (https://airtw.moenv.gov.tw/ accessed
on 1 December 2022) of Taiwan’s Ministry of Environment.

• Step two involves data filtering. In this step, all collected attribute data undergo a
thorough correlation analysis with the target variable, PM2.5 concentration. The corre-
lation analysis serves as the primary criterion for filtering attribute data. Attributes
exhibiting low correlations with PM2.5 concentration are identified and, subsequently,
removed during the screening process. On the other hand, attributes demonstrating
high correlations are retained as input data for the models. This careful selection
process aims to enhance the models’ capability to capture meaningful relationships
between the input features and the target variable.

• Step three involves dataset partitioning, where all input data are divided to define the
training and validation data required for model construction, as well as the testing
data used after model development is completed.

• Step four involves the crucial stage of model development, where we employ a
meticulous trial-and-error approach for parameter tuning in each model. This iter-
ative process is essential for enhancing the predictive performance of the models.
Specifically, we systematically adjust model parameters based on prediction results,
continuously calibrating and refining until an optimal combination is identified.

• Step five constitutes the crucial phase of performance evaluation, where the efficacy of
the models is systematically assessed using a range of established evaluation metrics.
This comprehensive set of metrics aims to provide a nuanced understanding of the
models’ predictive capabilities. This research uses root mean squared error (RMSE),
relative root mean squared error (rRMSE), mean absolute percentage error (MAPE),

https://airtw.moenv.gov.tw/
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efficiency coefficient (CE), and correlation coefficient (r) as evaluation metrics. RMSE,
rRMSE, MAPE, CE, and r are defined as follows:
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where n represents the total number of data points, OPre
i is the ith predicted value,

OObs
i is the ith observed value, OPre denotes the mean of predicted values, and OObs

represents the mean of observed values.
• Finally, step six involves the establishment and testing of the real-time prediction

system. Based on the prediction results from various models, a model selection tabular
is created to consolidate the composite real-time prediction system. This system can
provide accurate predictions at different forecast horizons by selecting the best model
from the selection tabular.

2.2. Model Theory

The algorithm theorems used in the article are described as follows.

2.2.1. DNN

Artificial neural networks are built upon artificial neurons, with numerous artificial
neurons forming a network. The neural network imitates the mechanisms and methods
of biological learning, allowing it to function similarly to the biological neural system
in receiving and transmitting information [33]. The operation of artificial neurons in
the model simulates the changes in neural transmission when biological organisms are
stimulated. The received inputs are combined through weighted summation, and bias or
threshold values are added. Finally, the output of the artificial neuron is obtained through
an activation function, which serves as the input for the next layer of neurons, as follows:

yi = f
(
∑n

i=1 wixi + bi

)
(6)

where xi represents the input values, wi represents the connection weights, bi represents
the bias values, f represents the activation function, and yi represents the output values.

DNN is characterized by a multilayer neural architecture based on the principles
of the MLP. DNN consists of a multilayer feedforward neural network structure, which
includes an input layer, hidden layers, and an output layer. In a multilayer perceptron, the
information processing occurs in the hidden and output layers, while the input layer serves
as the sensory component. The input layer receives external information, which is then
processed in the hidden layers and passed on to subsequent layers for further processing,
and, finally, leads to the output layer to produce results [34,35].
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2.2.2. Decision Tree

A decision tree is a method based on a tree-like structure and presented as a tree-
shaped graphical representation [36].

• M5P

M5P is introduced by Wang and Witten in 1996 [37]. It is a decision tree derived
from the M5 decision tree [38] and aims to enhance the algorithm of M5 by incorporating
techniques proposed by Breiman et al. [39] to address issues like attribute enumeration
(input data) and missing values in data preprocessing. This modification is intended to
solve the common problem in machine learning where the prediction target values are
predominantly continuous. The M5P model generation begins with the construction of a
starting tree based on the target attribute. It selects branching features, avoids overfitting
through pruning, and performs model smoothing, ultimately resulting in a tree-based
model. The mathematical description is as follows:

SDR = sd(T)−∑n
i=1
|Ti|
|T| × sd(Ti) (7)

where SDR represents the reduction in standard deviation for the M5P model, T is the set
of all attributes trained in the decision tree, Ti is the subset created by splitting nodes based
on the selected attributes, sd(Ti) is the standard deviation of the target attribute for the ith
subset, and n is the total number of branches created by splitting attributes.

M5P decision tree modifies the approach to handling enumerated attributes compared
to the classification and regression trees (CARTs). It divides all enumerated attributes into
binary splits, and then the model’s SDR values are multiplied by a factor (β). This factor is
uniform for binary splits and decreases exponentially as the number of values increases,
as follows:

β = e7× 2−k
n (8)

In the case of missing data, M5P employs a technique known as surrogate split, where,
during the splitting process, attribute data from the split are used as a replacement for the
missing original attribute data.

• M5Rules

M5Rules is introduced by Holmes, Hall, and Frank in 1999 [40]. It is derived from
M5P, and the steps for building the M5Rules model and obtaining regression rules are the
same as M5P. During each iteration, the best prediction value is selected as a rule, and
the final model is constructed and pruned through iterative processes. However, M5P
can potentially lead to hasty generalization because these best rules depend on the best
prediction results that cover the majority of branch models rather than the best prediction
results for each individual branch model.

To prevent this phenomenon, M5Rules modified the pruning method. When deter-
mining branch models at node attributes, each branch model individually retains the best
prediction results to form rules. Before each branch model generates the next branch model,
the data that led to the best prediction results from attribute data are removed. This stage
is referred to as unsmoothed linear models [41]. Compared to M5P’s model smoothing
process, M5Rules improves the computational efficiency of branch models at this stage
without affecting the size and accuracy of the resulting rules [42].

• AMT

AMT is proposed by Frank, Mayo, and Kramer in 2015 [43]. It is derived from
alternating decision trees (ADTs) [44] and multiclass alternating decision trees (MADTs) [40].
AMT is used to address the prediction of continuous values (regression problems). Similar
to ADT, AMT’s tree nodes include both splitting nodes and prediction nodes. In contrast to
handling classification problems, in prediction nodes, it replaces prediction value scoring
with a simple linear regression. Additionally, it applies a forward stagewise additive
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modeling approach to model building. AMT models make predictions using an iterative
correction method for additive modeling. This is achieved by obtaining the residuals
generated during data training and applying basic learners to predict these residuals. The
initial forward stagewise additive model is as follows:

Fk

(→
x
)
= ∑k

j=1 f j

(→
x
)

(9)

The additive model after iterative correction is as follows:

∑n
i=1(Fk(

→
x i)− yi)

2 (10)

where n is the number of data instances, which include attribute data and associated target
values (

→
x i, yi), 1 ≤ i ≤ n,

→
x i is the vector of attribute data, yi is the corresponding target

value, f j(
→
x ) is the base model, and k is the number of base models.

2.2.3. MLR

Linear regression is a linear method for modeling the relationship between one or more
independent variables and a dependent variable [45]. Simple linear regression represents
the relationship between a single independent variable and a single dependent variable,
as follows:

Y = β0 + β1X1 + ε (11)

When there is more than one independent variable, it is referred to as multivariable
regression, as follows:

Y = β0 + β1X1 + β2X2 + · · ·+ βnXn + ε (12)

where Y is the dependent variable, β0 is the constant term, β1, β2, . . . βn are the regres-
sion coefficients, X1, X2, . . . Xn are the independent variables, n is the total number of
independent variables, and ε represents the error.

2.3. Study Area and Data

The research area (as shown in Figure 1) covers Keelung City and Xizhi District in New
Taipei City. The topography of Keelung consists mostly of hilly terrain with only a small
portion being flatland. The flatland area extends from Keelung Harbor to the southwest
along the river valley corridor towards Xizhi. This region is primarily a residential area
for the general population. The data were collected from the website of the air quality
monitoring website of Taiwan’s Ministry of Environment. The study collected air quality
monitoring data from 2005 to 2022, with data recorded at hourly intervals. The study
focuses on four monitoring stations, Keelung Station, Xizhi Station, Wanli Station, and
Songshan Station, with the latter two being adjacent monitoring stations to the study’s
primary sites.

Keelung Station, Xizhi Station, and Songshan Station are classified by MOE as “general
monitoring stations”. These stations are strategically positioned in densely populated areas,
areas susceptible to high pollution, or regions that can reflect the broader regional air quality
distribution, aiming to represent the air quality in the general living environment for the
public. For example, in monitoring stations within county (city) administrative areas, they
are utilized to determine representative pollutant concentrations to which the population
in that administrative area is exposed. On the other hand, Wanli Station is categorized
as a “background monitoring station.” It is situated in areas with less anthropogenic
pollution or prevalent wind regions in total emission control areas. These locations are
chosen to monitor the pollution carried by the prevailing winds, and the station setups
are deliberately positioned to avoid the influence of nearby pollution sources. This is
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carried out to reflect the large-scale air quality status and assess whether there is long-range
transmission of pollutants from regions outside Taiwan.
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Figure 1. Location of the study area and stations.

The monitored parameters are mainly categorized into meteorological data and air
pollution data. Meteorological data include atmospheric temperature (AMB_TEMP; ◦C),
wind speed (WIND_SPEED; m/s), wind direction (WIND_DIREC; degrees), hourly wind
speed (WS_HR; m/s), hourly wind direction (WD_HR; degrees), rainfall (RAINFALL;
mm), and relative humidity (RH; %). The air pollution data encompass fine particulate
matter (PM2.5; µg/m3), particulate matter (PM10; µg/m3), ozone (O3; ppb), sulfur dioxide
(SO2; ppb), carbon monoxide (CO; ppm), nitrogen oxides (NOX; ppb), nitric oxide (NO;
ppb), nitrogen dioxide (NO2; ppb), total hydrocarbons (THC; ppm), methane (CH4; ppm),
and non-methane hydrocarbons (NMHC; ppm). Table 1 displays the monitored parameters
for each air quality monitoring station.

Table 1. Air quality monitoring stations and their parameters.

Station Monitoring Parameters

Keelung AMB_TEMP, WIND_SPEED, WIND_DIREC, WS_HR, WD_HR, RAINFALL,
RH, PM2.5, PM10, O3, SO2, CO, NOX, NO, NO2, THC, CH4, NMHC

Xizhi AMB_TEMP, WIND_SPEED, WIND_DIREC, WS_HR, WD_HR, RAINFALL,
RH, PM2.5, PM10, O3, SO2, CO, NOX, NO, NO2

Wanli AMB_TEMP, WIND_SPEED, WIND_DIREC, WS_HR, WD_HR, RAINFALL,
RH, PM2.5, PM10, O3, SO2, CO, NOX, NO, NO2

Songshan AMB_TEMP, WIND_SPEED, WIND_DIREC, WS_HR, WD_HR, RAINFALL,
RH, PM2.5, PM10, O3, SO2, CO, NOX, NO, NO2, THC, CH4, NMHC

3. Model Development and Evaluation

This section uses artificial neural networks and different decision tree models to predict
values for 1 to 12 h. The data are divided into a training set from 2005 to 2015, a validation
set from 2016 to 2018, and a testing set from 2019 to 2021. The data from year 2022 are used
for the purpose of system simulation.

3.1. Feature Selection

The consideration of regional variability in the relationships among meteorological
factors, pollutants, and PM2.5 concentration has been discussed in detail in [28–32]. In
response to concerns regarding the absence of meteorological parameters in the selected
features, we conducted a correlation analysis to identify pertinent variables for our model.
Specifically, this study employed correlation analysis to select suitable input variables for
the target monitoring stations, namely, Keelung Station and Xizhi Station.
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Following Taylor’s guidelines [46], where a correlation coefficient |r|≥ 0.3 is consid-
ered to indicate moderate to high correlation, and |r|< 0.3 indicates low correlation, we
applied this criterion to determine the relevance of the attribute data to PM2.5 at each target
station. In other words, we selected attributes based on whether the correlation coefficient
between the attribute data and PM2.5 at each target station is greater than or equal to 0.3.
This approach ensures that only attributes with a meaningful correlation are considered for
inclusion in the model.

Figure 2 provide a visual representation of the correlation coefficients between various
attributes and PM2.5 concentration in the target stations. As depicted in Table 2, Keelung
Station and Xizhi Station selected 21 and 25 attributes, respectively. The results of the corre-
lation analysis highlighted notable correlations, particularly observing high correlations for
PM2.5, PM10, and CO at each station.
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Figure 2. Correlation coefficients of various attributes with PM2.5 concentration in the target stations:
(a–c) for Keelung Station; and (d–f) for Xizhi Station. In the figure, variables with the prefix “K_”
denote Keelung Station, “X_” represents Xizhi Station, “W_” corresponds to Wanli Station, and “S_”
indicates Songshan Station.

Table 2. Selected attributes for each target station.

Target Station Selected Attributes

Keelung
PM2.5, PM10, SO2, CO, NOX, NO2, and NMHCW of Keelung Station; PM2.5,

PM10, CO, and NO2 of Xizhi Station; PM2.5, PM10, SO2, CO, and NO2 of
Wanli Station; PM2.5, PM10, SO2, CO, and NO2 of Songshan Station

Xizhi

PM2.5, PM10, SO2, CO, and NO2 of Keelung Station; PM2.5, PM10, SO2, CO,
NOX, and NO2 of Xizhi Station; PM2.5, PM10, SO2, CO, NOX, and NO2 of

Wanli Station; PM2.5, PM10, SO2, CO, NOX, NO2, THC, and CH4 of
Songshan Station

3.2. Calibration of Model Parameters

The parameter-tuning process for the DNN model encompasses adjustments to the
learning rate, momentum, and the number of hidden layers. Specifically, the number of
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neurons in the hidden layer was determined following a recommendation from [35], where
the parameter was set to ((input layer neurons + output layer neurons − 1)/2). To fine-tune
these parameters, a trial-and-error method was applied at both the Keelung and Xizhi
stations. Figure 3 illustrates the parameter tuning of the DNN model at forecasting time t + 1
for the learning rate, momentum, and the number of hidden layers. The figure indicates that,
for the Keelung station, the optimal parameters are learning rate = 0.1, momentum = 0.1,
and one hidden layer; similarly, for the Xizhi station, the optimal parameters are learning
rate = 0.1, momentum = 0.1, and one hidden layer. Parameter tuning for the DNN model at
forecasting time t + 2 to t + 12 can be obtained in the same manner.
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The parameter to be tuned for the M5P model is the minimum number of instances for
the target values (leaf nodes). This parameter determines the tree structure of the decision
tree. Figure 4 illustrates the parameter tuning of the M5P model at forecasting time t + 1
for the minimum number instances. The figure indicates that the optimal parameters for
the Keelung station and Xizhi station are minimum numbers of instances of 36 and 41,
respectively. This parameter tuning for M5P and subsequent decision tree models (i.e.,
M5Rules and AMT) at time steps t + 2 to t + 12 can also be obtained in the same manner.
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M5Rules is a model derived from M5P, differing only in certain pruning methods
and the smoothing treatment of the target values (leaf nodes). The parameter to be tuned
for the M5Rules model is also the minimum number of instances. Figure 5 illustrates the
parameter tuning of the M5Rules model at forecasting time t + 1 for the minimum number
instances. The figure indicates that the optimal parameters for the Keelung station and
Xizhi station are minimum numbers of instances of 36 and 41, respectively.

The parameter in the AMT model is shrinkage, which can control the phenomenon of
overfitting. Figure 6 illustrates the parameter tuning of the AMT model at forecasting time
t + 1 for the shrinkage. The figure indicates that the optimal parameters for the Keelung
station and Xizhi station are achieved when the shrinkage is set to 1.
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3.3. Model Testing Results

This section employs a testing set to evaluate the model validated in the previous
section. Table 3 shows the performance of these models for future hour predictions at
Keelung Station. For t + 1 and t + 3, the M5P model performs the best, while DNN performs
the worst. For t + 6, DNN performs the best, with M5P performing the worst. Finally,
for t + 12, the M5Rules model performs the best, with DNN performing the worst. When
comparing the performance of the models across different time horizons, DNN shows a
strong performance for t + 1, t + 3, t + 6, and t + 12 compared to other models.

Table 3. Performance levels at time horizons of 1 to 12 h for Keelung Station.

Lead Time (h) Performance DNN M5P M5Rules AMT MLR

t + 1

RMSE (µg/m3) 5.22 3.99 3.99 3.99 4.00
MAPE 16.10 12.06 13.40 11.72 16.10

CE 0.82 0.87 0.84 0.87 0.82
r 0.92 0.91 0.91 0.91 0.91

t + 3

RMSE (µg/m3) 6.65 5.96 5.96 6.02 6.05
MAPE 19.62 17.74 18.52 18.87 19.62

CE 0.76 0.82 0.81 0.77 0.76
r 0.81 0.81 0.81 0.80 0.81

t + 6

RMSE (µg/m3) 7.18 7.68 7.49 7.57 7.63
MAPE 21.14 22.93 21.64 22.88 21.14

CE 0.73 0.70 0.71 0.71 0.74
r 0.68 0.67 0.68 0.67 0.68

t + 12

RMSE (µg/m3) 10.28 9.13 8.89 8.91 8.98
MAPE 35.78 32.10 31.56 32.07 35.78

CE 0.58 0.61 0.60 0.62 0.58
r 0.54 0.51 0.53 0.53 0.53

Table 4 presents the results of the tests conducted on Xizhi Station using the DNN, M5P,
M5Rules, and AMT models. Among these models, M5Rules performed the best in predicting
future hourly values at t + 1, t + 3, t + 6, and t + 12. MLR exhibited the poorest performance
at t + 3, t + 6, and t + 12. DNN had the weakest performance at t + 12. Comparing the
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models’ correlation coefficients (r) at different future time intervals, it was observed that
DNN performed best in predicting future values at t + 1 and t + 12. M5Rules excelled at
t + 3 and t + 6. MLR performed the worst at t + 1, t + 3, t + 6, and t + 12. Notably, there was
a slight difference in performance between the M5P and M5Rules models at t + 12.

Table 4. Performance levels at time horizons of 1 to 12 h for Xizhi Station.

Lead Time (h) Performance DNN M5P M5Rules AMT MLR

t + 1

RMSE (µg/m3) 2.61 2.59 2.59 2.67 3.08
MAPE 10.63 10.38 9.72 9.17 10.63

CE 0.87 0.87 0.86 0.87 0.87
r 0.97 0.97 0.97 0.97 0.96

t + 3

RMSE (µg/m3) 5.61 5.21 5.21 5.35 5.92
MAPE 19.53 19.13 18.75 19.18 19.53

CE 0.76 0.82 0.78 0.77 0.76
r 0.88 0.88 0.88 0.87 0.85

t + 6

RMSE (µg/m3) 7.61 6.97 6.97 7.34 8.37
MAPE 25.91 23.45 25.11 25.98 25.91

CE 0.67 0.71 0.69 0.69 0.67
r 0.78 0.78 0.78 0.76 0.68

t + 12

RMSE (µg/m3) 9.93 9.19 8.84 9.03 9.86
MAPE 38.15 36.28 36.31 36.21 38.15

CE 0.49 0.50 0.52 0.53 0.49
r 0.65 0.60 0.64 0.61 0.60

Figure 7 depicts the comparison of rRMSE between Keelung Station and Xizhi Station.
In Figure 7a, it is evident that the DNN model exhibits greater fluctuations in rRMSE at both
Keelung and Xizhi Stations compared to other models (M5P, M5Rules, AMT, and MLR in
Figure 7b–e). Among them, the highest rRMSE is observed for the prediction of future time
t + 12 at Xizhi Station, reaching 0.71. In contrast to the DNN and MLR models, decision
tree-based models (M5P, M5Rules, and AMT) show a stable increase in rRMSE at both
Keelung and Xizhi Stations as the prediction time horizons. The comprehensive analysis of
predictive results indicates that no single model achieves overall optimal performance over
the time horizons. This suggests that selecting different models for different prediction
times can enhance prediction accuracy.

3.4. Model Comparison

As previously mentioned, no single model achieves optimal performance across all
time horizons. This section delves into a comprehensive discussion and offers potential
explanations for the varying performance levels observed in these models.

The strength of decision trees lies in their ability to represent rules, a characteristic that
sets them apart from ANNs functioning more like black boxes. Decision trees allow for a
clear expression of rules, enhancing human understanding. Furthermore, the determination
of the relative importance of input parameters in ANNs necessitates a sensitivity analysis
post ANN construction [47,48]. In contrast, decision trees autonomously identify crucial
parameters through the branching of inputs. In the case of DNNs, establishing the optimal
network structure, encompassing the number of hidden layers and neurons in each layer,
is imperative. This process often entails trial and error, a time-consuming sequence of
actions [49]. Conversely, decision trees are non-parametric and, thus, more convenient to
use. In summary, the inherent differences in modeling between ANNs and decision trees
may lead to varied feature extraction or an adverse effect caused by the use of excessive
features in DNNs, contributing to different performance outcomes at different time horizons.
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4. Simulation
4.1. A Real-Time Prediction System

The real-time prediction system workflow is illustrated in Figure 8. The prediction
system imports data into the database at the current hourly time, and selects the optimal
prediction model for each future hour based on the mode selection ensemble tabular. By
calculating the results of all models and combining the required prediction values, the
system continues the prediction process until termination.
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For the convenience of creating the model selection ensemble tabular, we transform
Figure 7a–e into histograms displaying the rRMSE of the five models for each predicted time
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period simultaneously (as shown in Figure 9). Through Figure 9, we can quickly compile a
table, referred to as the model selection ensemble tabular (as in Table 5), listing the optimal
prediction model for each future prediction hour at both Keelung and Xizhi Stations.
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Table 5. Annual model selection ensemble tabular.

Lead Time (h) Keelung Station Xizhi Station

t + 1 AMT MLR
t + 2 MLR MLR
t + 3 AMT MLR
t + 4 MLR M5P, M5Rules
t + 5 MLR M5P, M5Rules
t + 6 DNN M5P, M5Rules
t + 7 AMT M5P
t + 8 AMT M5P, M5Rules
t + 9 DNN DNN
t + 10 AMT DNN
t + 11 DNN AMT
t + 12 AMT AMT

Due to the prevalence of the northeasterly monsoon in the research area during the
winter season, the developed real-time prediction system for PM2.5 concentration can be
used to test the system’s performance during this specific season. Since the system’s con-
struction is based on annual data, we established a separate real-time PM2.5 concentration
prediction system specifically for the winter season. Table 6 presents the selection model
ensemble tabular for the winter season.

Table 6. The model selection ensemble tabular for winter season.

Lead Time (h) Keelung Station Xizhi Station

t + 1 MLR MLR
t + 2 MLR MLR
t + 3 MLR M5P, M5Rules
t + 4 M5P, M5Rules DNN
t + 5 DNN M5P
t + 6 DNN DNN
t + 7 AMT M5Rules
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Table 6. Cont.

Lead Time (h) Keelung Station Xizhi Station

t + 8 AMT DNN
t + 9 AMT DNN
t + 10 AMT DNN
t + 11 DNN DNN
t + 12 AMT M5Rules

4.2. System Simulations

Figures 10 and 11 show the real-time prediction results of the forecasting system for
Keelung Station and Xizhi Station, respectively, using 6 February 2022 as an example.
Figure 10a–d present the real-time prediction system for annual data, while Figure 11a–d
depict the real-time prediction system for the winter season. In both sets of figures, the blue
dashed lines represent the observed values of PM2.5, and the orange solid lines represent the
predictions generated by the system. Each prediction period covers the next 12 h from the
current moment. The predictions start at 5 AM on the given day and are adjusted hourly for
fine particulate matter values. Figure 10d,h indicate that Keelung Station underestimated
the values starting from 11 AM, continuing into the evening at 8 PM. On the other hand,
Xizhi Station showed a slight overestimation, as seen in Figure 11d,h. Overall, the real-time
prediction systems for both annual data and the winter season data at Keelung Station and
Xizhi Station demonstrate the changing trends in fine particulate matter concentrations.
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5. Conclusions

This study has established machine-learning models for predicting fine particulate
matter concentration and developed a real-time fine particulate matter prediction sys-
tem. This system allows the public to obtain forecasts of future fine particulate matter
concentrations before going outdoors. The system can adjust the predictions hourly over
time to assist the public in understanding the changes in future fine particulate matter
concentration. The study area includes Keelung City and Xizhi District in New Taipei City,
Taiwan, and it predicts fine particulate matter concentrations for the next 1 to 12 h.

This study established five different fine particulate matter concentration prediction
models, including DNN, M5P, M5Rules, AMT, and MLR. Based on the prediction results, it
was found that no single model achieved comprehensive optimal performance in long-term
forecasting. Therefore, this study used the above-mentioned models as a basis to build a
real-time prediction system.

This study calculated the prediction results from the five different models and the
real-time prediction system. From these analyses, the following conclusions were drawn:

(1) When comparing different models, it was observed that decision tree models provided
a more stable predictive performance across both Keelung Station and Xizhi Station.
In contrast, the DNN model exhibited larger fluctuations in error values compared to
other models across various prediction time horizons. The MLR model also displayed
greater fluctuations in prediction errors at Xizhi Station compared to other models.
However, it is worth noting that the DNN and MLR models outperformed other
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models in certain time horizons, indicating that each model has its own strengths and
weaknesses in prediction.

(2) If the PM2.5 concentration remains above 35 µg/m3 for an extended period, there is a
higher probability that the predicted results will be underestimated. The main reason
for this may be the infrequent occurrence of high concentrations in historical data,
causing the model to be ineffective in predicting high values.

(3) At different prediction time horizons, all models performed well in predicting results
for the next 3 h. However, the prediction errors began to increase for predictions in the
4 to 6 h range. For longer-term predictions covering 12 h, all models exhibited larger
prediction errors. In general, as the prediction time interval increased, the prediction
errors also increased, indicating that longer-term forecasts are more challenging for
all models.

(4) Ultimately, this study developed a real-time fine particulate matter concentration
prediction system that can predict the changes in fine particulate matter concentration
for the next 12 h. The system also includes hourly adjustments to the predictions.
Compared to the performance of individual models, the real-time prediction system
provides a more comprehensive and accurate prediction trend.
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