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Abstract: Airborne particulate matter 2.5 (PM2.5) can have a profound effect on the health of the
population. Many researchers have been reporting highly accurate numerical predictions based on
raw PM2.5 data imported directly into deep learning models; however, there is still considerable
room for improvement in terms of implementation costs due to heavy computational overhead.
From the perspective of environmental science, PM2.5 values in a given location can be attributed to
local sources as well as external sources. Local sources tend to have a dramatic short-term impact on
PM2.5 values, whereas external sources tend to have more subtle but longer-lasting effects. In the
presence of PM2.5 from both sources at the same time, this combination of effects can undermine the
predictive accuracy of the model. This paper presents a novel combinational Hammerstein recurrent
neural network (CHRNN) to enhance predictive accuracy and overcome the heavy computational and
monetary burden imposed by deep learning models. The CHRNN comprises a based-neural network
tasked with learning gradual (long-term) fluctuations in conjunction with add-on neural networks to
deal with dramatic (short-term) fluctuations. The CHRNN can be coupled with a random forest model
to determine the degree to which short-term effects influence long-term outcomes. We also developed
novel feature selection and normalization methods to enhance prediction accuracy. Using real-world
measurement data of air quality and PM2.5 datasets from Taiwan, the precision of the proposed
system in the numerical prediction of PM2.5 levels was comparable to that of state-of-the-art deep
learning models, such as deep recurrent neural networks and long short-term memory, despite far
lower implementation costs and computational overhead.

Keywords: feature selection; recurrent neural networks; PM2.5 predictions; time series prediction

1. Introduction

Airborne particulate matter (PM) can have a profound effect on the health of the population.
This type of pollution is generally divided into PM2.5 and PM10, based on the diameter of the particles,
where PM2.5 indicates a maximum size of 2.5 um and PM10 indicates a maximum size of 10 um. PM2.5
tends to remain in the atmosphere for much longer, it tends to be carried far greater distances, and is
small enough to penetrate deep within tissue, often leading to serious respiratory disorders. It is for this
reason that most research on particulate matter pollution focuses on PM2.5-related issues. There has
also been considerable effort in developing methods by which to predict PM2.5 levels in order to
prepare the public. Most existing systems rely on extensive monitoring in conjunction with statistical
analysis or artificial intelligence technology to perform time-series forecasting [1]. In statistical analysis,
Baur et al. [2] employed conditional quantile regression to simulate the influences of meteorological
variables on ozone concentration in Athens. Sayegh et al. [3] utilized multiple statistical models,
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including a multiple linear regression model, a quantile regression model, a generalized additive
model, and boosted regression Treesl-way and 2-way to predict PM10 concentrations in Mecca.
More recently, Delavar et al. [4] examined the effectiveness of using geographically weighted regression
to predict two different series of data: PM10 and PM2.5 in Tehran. In artificial intelligence, Sun et al. [5]
applied a hidden Markov model to predict 24-h-average PM2.5 concentrations in Northern California.
Delavar et al. [4] used a support vector machine to predict the PM10 and PM2.5 concentrations in
Tehran. Various shallow neural networks have also been used to analyze and predict air pollution
values. For instance, Biancofiore et al. [6] employed a recursive neural network to predict PM2.5
concentrations on the Adriatic coast. Zhang and Ding [7] used an extreme learning machine to predict
air pollution values in Hong Kong. Yang and Zhou [8] recently merged autoregressive moving average
models with the wavelet transform to predict the values. Ibrir et al. [9] used a modified support vector
machine to predict the values of PM1, PM2.5, PM4, and PM10. Shafii et al. [10] used a support vector
machine to predict PM2.5 values in Malaysia. Hu et al. [11] used the random forest algorithm to make
numerical predictions of PM2.5 values. Lagesse et al. [12] and Wang et al. [13] used shallow neural
networks to predict PM2.5 values. Liu and Chen [14] designed a three-stage hybrid neural network
model to enhance the accuracy of PM2.5 predictions. Despite claims pertaining to the efficacy of these
methods, there is compelling evidence that they are not as effective at dealing with PM2.5 as for other
pollutants. PM2.5 can be attributed to local or external sources. Local sources can be direct emissions or
the irregular products of photochemical effects in the atmosphere, which can cause drastic fluctuations
in PM2.5 concentrations within a short period of time. In contrast, it is also important to consider
external sources. That is, PM2.5 is extremely light and can be easily transported by the monsoon,
which creates by the long-term but periodic pollution. The fact that PM2.5 concentrations present
gradual fluctuations over the long term, as well as radical changes over the short term, makes it very
difficult to make predictions using many methods based on statistics or artificial intelligence.

Numerous researchers have demonstrated the efficacy of deep learning models in formulating
predictions [15-17]. Freeman et al. [15] used deep learning models to predict air quality. Huang and
Kuo [16] designed the convolutional neural network-long short-term memory deep learning model to
predict PM2.5 concentrations. Tao et al. [17] merged the concept of 1-dimension conversion with a
bidirectional gated recurrent unit in developing a deep learning model aimed at enhancing the accuracy
of air pollution forecasts. Pak et al. [18] recently used a deep learning model to assess spatiotemporal
correlations to predict air pollution levels in Beijing. Liu et al. [19] used attention-based long short-term
memory and ensemble-learning to predict air pollution levels. Ding et al. [20] developed the correlation
filtered spatial-temporal long short-term memory model to predict PM 2.5 concentrations. Ma et al. [21]
designed a Bayesian-optimization-based lag layer long short-term memory fully connected network to
obtain multi-sequential-variant PM2.5 predictions. Li et al. [22] used an ensemble-based deep learning
model to estimate PM2.5 concentrations over California. Zheng et al. [23] used micro-satellite images,
convolutional neural networks, and a random forest approach to estimate PM2.5 values at the surface.
Overall, deep learning models have proven highly in predicting PM2.5 concentrations.

In practice, the implementation of deep learning models imposes a heavy burden [24-26] in
constructing the model and obtaining real-time predictions for hundreds of locations every day. Below,
we present an example case illustrating the implementation of a deep learning model to predict costs
associated with PM2.5 prediction. In this case, the national meteorological bureau is tasked with
obtaining forecasts at 500 locations throughout the country. Without loss of generality, we can assume
that formulating PM2.5 predictions involves combining five separate long short-term memory (LSTM)
outcomes. To maintain prediction accuracy, the agency must retrain all of the LSTMs at intervals of five
days based on the most recent data. The meteorological bureau has four deployment options. Table 1
lists the monetary costs (in 2020 prices) and time costs of the options as follows: (1) Ordinary computer
with one central processing unit (CPU) only and no graphics processing unit (GPU) (USD 1000; 10,000 s
to train each LSTM), such that 289 days would be required to complete a round of LSTM training at
all 500 sites. (2) Mid-range computer with three GPUs (USD 17,000; 11 days required to complete a
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round of LSTM training at 500 sites (assuming 400 s per iteration). Despite the relatively low hardware
cost, the computation time is excessive. (3) Four mid-range computers as above (USD 68,000; 3 days to
complete a round of LSTM training at 500 sites. (4) Supercomputer (USD 10,000,000; 0.1 s to train each
LSTM, such that 250 s would be required to complete a round of LSTM training). Scenarios (3) and
(4) meet the requirements of the meteorological bureau; however, the costs are very high. Note also
that the above-mentioned costs are only for a single pollutant. Most monitoring systems must deal
with 20 to 30 pollutants as well as conventional forecasting of weather patterns and typhoons. Clearly,
the use of deep learning models for the prediction of pollutants and weather systems is far beyond
the financial means of many countries, such as Guinea [27] and Bangladesh [28]. A new approach to
computation is required.

Table 1. Monetary costs (in 2020 prices) and time costs of different scenarios, in which scenarios 1 to 4
use long short-term memory (LSTM) while scenario 5 uses the combinational Hammerstein recurrent

neural network (CHRNN).
. Computer . . Training Time for  Training Time for
Scenarios Requirement Quantity  Price (USD) Models a Single Model All Locations

1 Ordinary 1 1000 LST™M 10,000 s 289 days
computer

2 Mid-range 1 17,000 LST™M 400's 11 days
computer

3 Mid-range 4 68,000 LSTM 400's 3 days
computer

4 Supercomputer 1 10M LSTM 0.1s 250's

5 Ordinary 1 1000 CHRNN <100s <3 days
computer

Accordingly, this study proposed a combinational Hammerstein recurrent neural network
(CHRNN) to overcome these limitations. The operational concept of the proposed model is shown in
Figure 1. The inputs of the CHRNN include recent meteorological data from a weather observation
station, and the output is the predicted value of PM2.5 for a future time point. The CHRNN contains a
based-neural network (based-NN) and several add-on neural networks (AddNNSs). The former is used
to learn long-term changes in PM2.5 data, and the latter is used to learn sudden changes in PM2.5 data.
Low-level learning is used for the more common sudden changes, and high-level learning is used for
sparsely sudden changes. Considering superimposing the results of the AddNNs layer-by-layer onto
the prediction results of the based-NN, the CHRNN can then produce multiple prediction strategies.
As shown in Figure 1, the prediction result of strategy 0 is the output of the based-NN, and the
prediction result of strategy 1 is the combined output of the based-NN and AddNN-1. In addition,
the CHRNN also includes a random forest that determines the output strategies of the CHRNN based
on historical meteorological data, where Figure 2 can be illustrated as an example. Suppose the PM2.5
value follows usual periodic changes such as those in Section A. Then, the random forest will determine
that only strategy 0 is needed for predictions. In contrast, if the PM2.5 values show unusual changes of
varying magnitudes, such as shown in Sections B and C, then the random forest will recommend that
strategy 1 and strategy 2, respectively, be used to obtain better prediction results. For the framework of
the based-NN and AddNNs, we employed the well-known Hammerstein recurrent neural network
(HRNN) [29] into our model. This framework splits a dynamic nonlinear time series data into a
static nonlinear module and a dynamic linear module for modeling, respectively, which is shown in
Figure 3. This way, the dynamic behavior in the time series will only be processed by the dynamic
linear module, where the nonlinear behavior will only be processed by the static nonlinear module.
Therefore, it enhanced the modeling of prediction accuracy [29,30]. Furthermore, the CHRNN is
modeled based on shallow neural networks, the construction and operation costs of which are far
lower than those of deep learning models. In the following, we use the example in Table 1 to emphasize
the merits of employing CHRNN in deep learning models. Assume that the meteorological bureau
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needs to train 2500 CHRNNSs (500 locations x 5 CHRNNSs per location) every five days. By only using
an ordinary computer (one CPU and no GPUs), the construction of each CHRNN could be completed
within 100 s. This means only approximately 25,000 s (3 days) would be required to complete a round
of training. This is a considerable improvement over the 289 days and USD 68,000 that would be
required under the previous scenario.

Random
Forest Model Select the Best

PM2.5(2),... ,PM2.5(z- 4 Prediction Strategy
CO(),... :,CO(Z‘-}’Z) ‘ at Time #+1

NO(®),... NO(t-n) N @ Strategy 0's PM2.5(++1)
— Strategy 1's PM2.5(¢+1)
Strategy 2's PM2.5(¢+1)

Meteorology
Data

CHRNN

Figure 1. Operation of combinational Hammerstein recurrent neural network (CHRNN), in which
meteorological data are the input and predicted particulate matter 2.5 (PM2.5) values are the output.
The CHRNN includes a central based-neural network (based-NN) and several add-on neural networks
(AddNNSs) capable of generating multiple prediction strategies, making it an ideal approach to dealing
with the complexity of PM2.5 prediction.

% A B lc
E % “ﬁ\ Nu A
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Figure 2. Implementation of combinational Hammerstein recurrent neural network (CHRNN) scheme,
in which the predictions in Section A are generated using Strategy 0, whereas those in Sections B and C
are generated using Strategy 1 and Strategy 2.

Input Dynamic Nonlinear Subsystem | Output
[x1(0), X2(8), -, X4(£)] Y D= ), W(t-1), ..., W(t=n), x1(), X2(7), .. , x:(1)) y(t+1)

Input Static Nonlinear Subsystem |z(#+1) Dynamic Linear Subsystem Output
[x1(0), x2(1), e s x,(0)] | 2T D)=001(D), X2(0), ., 2,(0)) VD) =h(A0), Y(E-1), ., W(E=m), 2(151)) | p(e+1)

Figure 3. Operation of Hammerstein recurrent neural network (HRNN), in which the dynamic behavior
in the time series is processed only by the linear dynamic module, whereas nonlinear behavior is
processed only by the static nonlinear module.
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We anticipate that the CHRNN will improve the accuracy and lower the costs of PM2.5 predictions.
However, we encountered two difficulties: (1) The first difficulty includes the selection of features
to predict PM2.5 values, which may also have a time-delay terms problem. That is, how far into the
past, should we go to collect the data for applying these features? This has been considered by many
researchers and consequently has been the focus of a wide variety of discussions. Past approaches can
be roughly divided into two categories: (i) based on professional knowledge regarding air pollution,
several meteorological items are chosen as features [2,4,31], or (ii) correlations between all data items,
and the output is first examined before the most relevant items are chosen as features [6,15,17]. Note that
the former may result in the selection of unsuitable features, thereby producing poor prediction accuracy.
However, while the latter may lead to the selection of more suitable features, the issue of time-delay
terms is seldom taken into account, which also affects prediction accuracy. This study developed
the modified false nearest neighbor method (MFNNM) to overcome it. (2) The second difficulty
we encountered is to determine a means of enabling the based-NN to learn the periodic long-term
changes in PM2.5 concentrations and the AddNNs to learn the sudden short-term variations in PM2.5
concentrations. We developed the usual case emphasizing normalization (UCENormalization) method
to address this issue. Finally, we conducted simulations using real-world datasets of a one-year period
from Taichung, Taiwan. These experiments verified that the proposed approach might achieve greater
prediction accuracy than deep learning models at lower costs.

The proposed method provides predictive accuracy superior to that of existing machine-learning
methods for a given construction cost. In other words, the proposed method makes it possible to
achieve the accuracy of advanced deep learning models without having to invest any more than would
be required to establish a machine learning system.

The remaining chapters of this paper include Section 2, which introduces the datasets and their
cleaning, Section 3, which describes our research method, Section 4, which presents our experiment
simulations; and Section 5, which contains our conclusions and future work.

2. Related Works

This chapter outlines previous numerical methods for forecasting air pollution using machine
learning technology and introduces related research on Hammerstein recurrent neural networks.

2.1. Existing Machine Learning Methods for the Prediction of Air Pollution

Numerical forecasting methods can be broadly divided according to whether they are based
on atmospheric sciences, statistical methods, or machine learning [24]. In the past, most prediction
schemes have used statistical analysis or methods developed in the atmospheric sciences; however,
machine learning has moved to the forefront, particularly in forecasting air pollution, due to the
heavy reliance of atmospheric sciences on domain expertise and extensive data sets [32,33]. Statistical
methods are easily applied to the numerical forecasting of air pollution [2,3,34-36] without the need
for arcane professional knowledge; however, this approach is highly constrained by the nature of
the data, which means that they are inapplicable to situations that have yet to occur. The complexity
of fluctuations in air pollution levels cannot be adequately dealt with using historical data. Thus,
there remains considerable room for improvement in real-world PM2.5 predictions.

Machine learning has become a mainstream method for forecasting air pollution levels.
This approach does not require extensive domain knowledge, and predictions can be formulated under
a wide range of parameters, often exceeding those found in existing datasets. Sun et al. [5] used a hidden
Markov model to predict air pollution values. Delavar et al. [4] performed similar predictions using a
support vector machine. Hu et al. [11], Huang et al. [37], Liu et al. [38], and Stafoggia et al. [39] used
the random forest algorithm to make numerical predictions of PM2.5 concentrations. Many researchers
have begun using shallow neural networks or deep learning models for the prediction of air pollution
values. Lagesse et al. [12] used a shallow neural network to predict indoor PM2.5 values. Wang etal. [13]
used a basic neural network to predict air pollution in Chongqing, China. Liu and Chen [14] designed a
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three-stage hybrid neural network model to facilitate the numerical prediction of outdoor PM2.5 levels.
Pak et al. [18] used spatiotemporal correlations in conjunction with a deep learning model to predict
air pollution values in Beijing. Liu et al. [19] employed attention-based long short-term memory and
ensemble-learning to predict air pollution concentrations. Zheng et al. [23] used micro-satellite images
in conjunction with a convolutional neural network and random forest approach to estimate PM2.5
values on the surface. Chen and Li [24] recently designed a radial basis function—long short-term
memory to identify key meteorological observations in neighboring stations to assist in predicting
PM2.5 values. Note that those key observations can also be used to improve the accuracy of other
machine learning models. Overall, machine-learning methods are the preferred approach by which to
formulate predictions pertaining to air pollution.

2.2. Hammerstein Recurrent Neural Network

The Hammerstein recurrent neural network is currently one of the most effective shallow neural
networks for time-series prediction [29,40]. Time-series prediction has always been regarded as a
difficult problem due to the nonlinear dynamic characteristics of complex systems. Essentially, the time
value of t + 1is affected by the previous time values of ¢, t — 1, ... , t — n (dynamic system), and there is a
nonlinear relationship between the first few time values and the value of f + 1. Hammerstein subsystem
models [41-43] are meant to overcome this problem. They comprise a static nonlinear subsystem with
a dynamic linear system operating in series, as shown in Figure 3. This provides two benefits when
modeling and predicting time series: (1) The dynamic behavior of the time series is processed by a
dynamic linear module, whereas the nonlinear behavior is processed by a static nonlinear module.
This greatly facilitates modeling and improves accuracy. (2) Numerous mathematical models, such as
a nonlinear regression model or neural network, can be used to replace the static nonlinear subsystem
and dynamic linear system, thereby making it possible to customize time-series prediction problems.
The Hammerstein subsystem model has been widely used in a variety of fields. Westwick and
Kearney [41] and Dempsey and Westwick [42] applied a Hammerstein subsystem model to model
the dynamic stretch reflex system. Abd-Elrady and Gan [43] achieved good results by applying a
Hammerstein subsystem model to signal processing. Mete et al. [44] employed a similar approach in
system identification.

Since confirming the efficacy of this approach in modeling the effects of dynamic nonlinear
systems, scholars have been combining Hammerstein subsystem models with neural networks.
Wang and Chen [45] implemented a Hammerstein subsystem model in conjunction with a recursive
fuzzy neural network to deal with time-series prediction and signal noise elimination. Wang and
Chen [29] integrated a recurrent neural network within a Hammerstein subsystem model to overcome
various automatic control problems. Lee et al. [30] recently combined a Hammerstein recurrent neural
network with a genetic algorithm to formulate time series of traffic flow on highways. The models
mentioned above have clearly demonstrated the effectiveness of combining the Hammerstein subsystem
model with a neural network to deal with dynamic nonlinear systems, such as signal processing,
control problems, or time series prediction.

3. Study Area, Dataset and Data Preprocessing

The meteorological data collected in this study comprised hourly data collected in 2018 by three
air-quality monitoring stations run by the Environmental Protection Administration (DaLi, FengYuan,
and ChungMing) in Taichung, Taiwan. The locations of the monitoring stations are shown in Figure 4.
We considered these three stations because they are situated in areas where air pollution is the most
severe and the population is the densest. From each station, we collected 12 types of data associated
with air pollution, including levels of PM2.5, PM10, CO, O3, SO,, NO, and NO,, wind speed, hourly
wind speed, relative humidity, temperature, and rainfall. Note that although general meteorological
observatories provide air quality index (AQI) values, we opted not to consider AQI values in the
current paper. AQI values are derived from particulate matter concentrations as well as carbon
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monoxide, sulfur dioxide, and nitrogen dioxide, and tropospheric ozone levels. From a mathematical
perspective, AQI values are highly dependent on at least one of the above values. Thus, even if
we input AQI in addjition to the five above-mentioned values, the corresponding improvement in
prediction accuracy would be negligible due to overlap. Furthermore, entering AQI values would
greatly increase computational overhead by increasing the dimensionality of the data. Of course,
it would be possible to formulate predictions based solely on AQI values; however, this would not
adequately reflect the variations in the five pollution values. The exclusive use of AQI values for
prediction would reduce the scope of the five pollution values, leading to a corresponding decrease in
prediction accuracy.

4

o
Qkm  J0kmf /' 20km

Figure 4. Locations of three particulate matter 2.5 (PM2.5) observation stations.

These datasets contained many missing values or errors, and the errors may have continued for
varying amounts of time. We employed the linear interpolation method used [15] to replace the missing
values or correct the abnormalities. The interpolation method depended on how long the missing
values or errors continued. If they continued for less than 24 h, we used the values of the time periods
before and after the period in question for interpolation. This way, the calibration results would best
correspond to the conditions of that day. In addition, if the values that needed to be replaced covered
more than 24 h, then we used the average supplementing value of the 24 h periods before and after
the period in question for interpolation. With such a large range of missing values or errors, it may
produce difficulty for us to recover the conditions on the day in question. Therefore, we could only use
the conditions of the previous and subsequent days to simulate the possible air quality conditions
during the same time of the day.

Figure 5 displays the PM2.5-time series results after data cleaning, and Table 2 presents the value
distributions in the datasets. As shown in Table 2, the PM2.5 values at each location can fluctuate
drastically within a two-hour period, at the most exceeding half the range of the dataset. Furthermore,
the mean + 3% standard deviation of the three datasets is around 60 ppm, which means that 95% of the
data points in these datasets are lower than 60 ppm, and only about 5% of the data are over 60 ppm.
Such widely fluctuating and unbalanced data makes predictions using conventional recursive neural
networks difficult to model. Hence, a new approach is needed.
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Figure 5. One whole year of particulate matter 2.5 (PM2.5) data from three target locations in 2018:
(a) DaLi; (b) FengYuan; (c) ChungMing.

Table 2. Description of datasets and statistical results pertaining to the three locations discussed in

this work.
. . .. Standard Mean+ 3x Standard Max Difference
Location Maximum Minimum Mean . .. g
Deviation Deviation Between Two Hours
DalLi 98 0 15.804 12.710 53.934 87
FengYuan 147 0 18.218 12.681 56.261 61
ChungMing 104 0 20.338 14.353 63.397 51

4. Research Methods

The PM2.5 prediction process designed in this study includes several parts. It is shown in
Figure 6, including (1) using modified false nearest neighbor method (MFNNM) to identify suitable
predictive features in the datasets and their time-delay terms; (2) using the usual case emphasizing
normalization (UCENormalization) to normalize the PM2.5 time series values to help the based-NN
learn the long-term changes in PM2.5 concentrations; (3) constructing the based-NN; (4) constructing
several AAdNNSs based on the modeling results of the based-NN; and (5) constructing a random forest
to recommend CHRNN usage strategies for different time points. The details of these five parts are
as follows:

4.1. Modified False Nearest Neighbour Method (MFNNM)

The MFNNM can extract suitable predictive features from air-quality data and the corresponding
time-delay terms for each feature. The method is grounded on the concepts of the false nearest neighbor
method [46,47], which can determine the optimal time-delay terms for features when the features are
fixed. However, it cannot be used to select suitable predictive features. Therefore, we modified this
method to meet the needs of this study. We first develop the mathematical model of the system under
analysis, then introduce the operational concept of MFNNM based on said system, and finally discuss
each step of MFNNM.
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Figure 6. Flow chart of proposed algorithms: (1) identifying suitable predictive features and their
time-delay terms by using modified false nearest neighbor method (MFNNM); (2) normalizing particulate
matter 2.5 (PM2.5) time-series values; (3) constructing based-neural network (based-NN); (4) constructing
add-on neural networks (AddNNs); and (5) constructing a random forest model to recommend
combinational Hammerstein recurrent neural network (CHRNN) implementation strategies.

For each multiple-input single-output (MISO) time series modeling problem, suppose we have
already collected a set of input features u(e), u5(e), ... , uy(e) and the corresponding output value y(e).
Then, we can express the prediction system as

y(t+1) = Fy(E), - y(t=m), e, m(E), -y (E=m), o (D), pt-m)]), (D)

where p denotes the number of features, and m is the optimal value of time-delay terms for all features
used for prediction. Below, we discuss three concepts underpinning the MFNNM. The first two
originate from the theory of the false nearest neighbor method [46,47], while the third is our extended
concept. To facilitate our explanation, let the input vector of system f(e) at time f in Equation (1) be X(¢)
and the predicted value be y(t + 1). (1) If the changes in y(i) consist of all the factors in X(i) at any time
point i and X(j) and X(k) at time points j and k have a short Euclidean distance between them, then the
values of y(j) and y(k) must also be close to each other. Hereafter, we refer to X(t) as the optimal input
vector of the system. (2) If input vector X'(t) is missing some key factors comparing to X(t), then the
values of y(j) and y(k) may not be close to each other even if X’(j) and X’(k) at time points j and k have a
short Euclidean distance between them. In this case, a false nearest neighbor (FNN) appears, and the
MFNNM can continuously add new factors to X’(t) to reduce the appearances of FNNs. Once the
factors in the new X'(j) highly overlap those in X(j), the appearances of FNNs will drop drastically
close to 0. (3) If input vector X”(¢) has more key factors than X(f), then the values of y(j) and y(k) may
not be close to each other even if X”(j) and X" (k) at time points j and k have a short Euclidean distance
between them. In this case, an FNN appears, and the MFNNM can continuously eliminate factors
within X”(t) to reduce the appearance of FNNs. When factors that are less correlated with the output
are eliminated, the appearance of FNNs will drop even more drastically. We can then estimate the
importance of each factor to the prediction system based on the changes in FNN appearance after each
factor is eliminated. The MFNNM uses these three concepts to select a suitable input vector to prevent
FNN appearance.
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The MFNNM follows two phases. The first phase follows the suggestions of [46,47] and, based
on concepts (1) and (2), involves gradually increasing the time-delay terms of a fixed number of
features to increase the number of factors in the input vector and obtain the optimal time-delay terms.
The second phase is based on the concept (3) and, with the optimal time-delay terms known, involves
eliminating different features to reduce the number of factors in the input vector to understand the
correlation between each feature and the output. Finally, the most suitable features for predictions are
selected based on their correlation with the output. The steps of the MFNNM are described in detail in
the following:

Step 1: Collect the system input and output values of the prediction model at k time points: the
output is y(t + i) and the input vector is Xm(f + i), m denotes the delay times of the features, and 1 <I <k.

Step 2: Under the settings m = 1 and I = 1, find a time point j with a minimum Euclidean distance
between Xy (t + i) and X (t + j). Next, check whether an FNN appears using Equation (2):

ly(t+1) —y(t+ )|
X (t 4+ 1) = X (E4+ I, —

@)

where R is a threshold value given by the user. If Equation (2) is not supported, then an FNN appears.

Step 3: Add 1 to i and repeat Step 2 until I = k. Then, calculate Perg,,, which is the probability of
an FNN appearing at the k time points with the current m.

Step 4: Repeat Steps 2 and 3, adding 1 to m each time to record the Perg,,,. When m finally reaches
the set value given by the user, the minimum Pery, is picked among all m values is the optimal
time-delay g, and the corresponding Pery,;, is named Perfu,_final-

Having found the optimal time-delay terms of the features, we next explain the approach to
seeking the optimal predictive features. First, the input vectors are defined under my;,; as Xmfina1 (t + 7).
Next, we check the impact of each feature on the number of FNNSs, beginning with the input factor u;
all the way to input factor uy, ultimately determining the importance of each feature.

Step 5: From the original input vector Xmfinal1(t + i), eliminate the factor of feature /, and the new
vector becomes Xmfinal-1(t + 7). Next, repeat the process from Step 2 to Step 4 and calculate Peryy, .

Step 6: Repeat Step 5. It is decided to add 1 to I each time and recording the corresponding
Perfyy until I = p. The features are ultimately ranked in ascending order based on the results of
\Perfun_finai—Perfun-1l- The smaller the difference, the more correlation the feature is to the output, and the
more it should be considered during modeling. Next, users can choose the features that will be used in
the subsequent steps based on the conditions they have set, such as a required number of features or a
required degree of feature impact.

4.2. Usual Case Emphasizing Normalization Method

The UCENormalization uses normalization to enhance the learning effectiveness of the based-NN,
considering the long-term changes in a PM2.5 time series while reducing the impact of abnormal values
on based-NN modeling. The fundamental concept is that the normal conditions in a PM2.5 time series
are normalized to cover a wider range in [-1, 1], while the abnormal conditions occupy a smaller range.
This way, the based-NN can more easily find the optimal solution for normal conditions, and prediction
accuracy is increased. The remaining abnormal conditions are left for the AddNNs to learn. Then,
Figure 7 is an example to explain the concept. Figure 7a displays the original PM2.5 time series, except
for A, B, C, and D, which indicate sudden circumstances in the PM2.5 values, the values all present
relatively normal conditions. Figure 7b displays the results of proportionally normalizing Figure 7a,
and Figure 7c presents the results of UCENormalization. A comparison of the two figures shows that
most of the normal conditions are compressed to [-1, —0.3) in Figure 7b, while they are compressed to
[-1, 0.9) in Figure 7c. Generally speaking, compression of the normal conditions to a smaller range
means that the neural network output will also have a smaller range. In addition, the operational range
of the weights will also be reduced, which makes it hard for the neural network to find the optimal
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solution for each weight and final outputs. As shown in Figure 8, the x-axis represents the operational
range of each weight in the based-NN, and the y axis indicates the based-NN output corresponding to
said weight. Clearly, the compression of the normal conditions to [-1, 0.3) in Figure 7b means that the
operational range of the weights will also be constricted (Figure 8a). In contrast, the normalization
of the normal conditions to [-1, 0.9) in Figure 7c means that the operational range of the weights in
the based-NN is expanded (Figure 8b), which will increase the accuracy of based-NN predictions for
normal conditions.
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Figure 7. Graphs explain the principle of usual case emphasizing normalization method
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Figure 8. Graphs explain the operational range of weights in a neural network: (a) operational range
resulting from general normalization; (b) operational range resulting from the usual case emphasizing
normalization method (UCENormalization).

Based on the definitions of normal and abnormal conditions in half-normal distributions,
the abnormal threshold values of PM2.5 are set as mean + n standard deviations, where 7 is adjusted
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to normal conditions. The normalization formulas for normal and abnormal conditions are shown in
Equations (3) and (4):

N u(i)—min(u(e)) _
Norm_u(i) = (mean(u(e))+n xstd(u(e)))—min(u(e)) X (1m) -1, ®)

u(j) — (mean(u(e))+n x std(u(e)))
max(u(e)) — (mean(u(e))+n xstd(u(e)))

Norm_u(j) = X (1=m)+m. 4)
where u(e) is the PM2.5 time series value; Norm_u(e) is the normalized PM2.5 time series value;
n represents the abnormal threshold value set by the user, and m is the upper bound of normalized
values for normal conditions. Note that the value distribution ranges of normal conditions and sudden
circumstances in the original data should be taken into consideration when m is set. If the value
distribution range of sudden circumstances is small, then it is recommended that m be near 0.9 to
increase the accuracy of model learning for normal data. If the value distribution range of sudden
circumstances is large, however, then it is recommended that m be around 0.7 to prevent the values
from being overly compressed, which would affect model learning of sudden values. In the end,
the results of any PM2.5 time series normalized using Equations (3) and (4) should fall within the range
of [-1,1].

4.3. Construction of Based-NN

For the framework of the based-NN in the CHRNN, we adopted the HRNN [29,40], the effectiveness
of which has already been demonstrated. As shown in Figure 9, it contains a total of four layers: the
input layer, the hidden layer, the dynamic layer, and the output layer. The only function of neurons in
the input layer is to pass on the input data to the hidden layer. Suppose n features are extracted using
MFNNM, and the value of time-delay terms of each feature is m. Thus, the based-NN has (1 + 1) X m
inputs, where 1 represents a historical PM2.5 value. Next, the hidden layer is linked to establish
the static nonlinear module. The neurons in this layer do not use any recursive items, which means
they are static, and the nonlinear tangent sigmoid function serves as the nonlinear function. Then,
the dynamic layer and the output layer are responsible for establishing the dynamic linear module.
The recursive items of the dynamic layer are responsible for handling the dynamic part, while the
linear function of the output layer is responsible for the linear part. The output of the based-NN is the
normalized PM2.5 value of the next time point. The mathematical framework of the model is presented
in Equations (5)-(7). Among those equations, Equation (5) is the formula from the input layer to the
hidden layer, Equation (6) is the formula for the dynamic layer, and Equation (7) is the formula for the
output layer. Furthermore, in the neurons in layer j, we use I;7) (k) and 0;/) (k) to represent the input and
output of neuron i at time k.

P
052) (k) = tanh[Z wliju]'(k) + di(k)], %)

j=1

q 14
oV = Y a0 (k=1)+ Y. binol? (k), ©)

01(4)(]() = Z cl]x](k) (7)
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Figure 9. Framework of Hammerstein recurrent neural network (HRNN), which includes an input
layer, hidden layer, dynamic layer, and output layer.

In the formulas above, w is the weight between the input layer and the hidden layer. The d is
the bias value; the a indicates the regression weight of the dynamic layer; the b is the weight between
the dynamic layer and the hidden layer, and the c is the weight between the dynamic layer and the
output layer.

In the based-NN, we recommend that the number of neurons in the hidden layer and the dynamic
layer should be set as the mfinal value calculated using MFNNM. Researchers have demonstrated
that setting this value as the number of hidden layers produces optimal modeling results [43].
The back-propagation algorithm is used to train the HRNN. However, due to the limitation of the
paper, please refer to [29] for further details.

4.4. Construction of AddNNs

The construction process of the AddNNs is, as shown in Figure 10. The first step is to calculate the
“Base_Error”, which is the error between the based-NN prediction results and the actual PM2.5 values.
The second step is to use the Base_Error to train AAdNN-1, which also uses HRNN for its framework,
but the inputs and output are different. Besides the original inputs of the based-NN, the inputs of
AddNN-1 also include the Base_Error values of the past m time points. The outputs of AddNN-1
are the normalized results of the Base_Error for the next time point. After completing the training of
AddNN-1, the program calculate the Add_1_Error, the error between the Base_Error and the AddNN-1
output. Note that we recommend setting the numbers of neurons in the hidden layer and dynamic
layer of the AAddNNSs to the same as the number of input dimensions. This is because the ideal output
of the AddNN:Ss is the error, which may only be related to some particular inputs. If each neuron
in the hidden layer can independently process the changes in an input neuron, prediction accuracy
is enhanced.

The third step is roughly the same as the second step: (1) construct AAdNN-k (the AAANN on
layer k based on HRNN), (2) set the inputs and outputs of AAdANN-k and train them together, and (3)
calculate Add_k_Error (the error between Add_k-1_Error and AddNN-k). This process continues until
the number of AddNNSs reaches the preset upper bound or until the error reduction in the AddNN on
each layer becomes limited.

Finally, when all of the AddNNs have been constructed, the study is designed to produce the
various strategy results of the CHRNN. Each strategy result is the sum of the outputs of the based-NN
and multiple AddNNSs, as shown in Figure 10. For instance, the result of Strategy 0 equals the result of
the based-NN alone, the result of Strategy 1 is the sum of the outputs of the based-NN and AddNN-1,
and so on.
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Figure 10. Construction of based-neural network (based-NN), in which each strategy result is the sum
of the outputs of the based-NN and add-on neural networks (AddNNs).

4.5. Construction of Random Forest to Determine CHRNN Usage Strategies

This section explains how a random forest is constructed to determine the usage strategies of the
CHRNN. However, the random forest algorithm is not the focus of this study, so we introduce only the
inputs and output of the random forest. For details on the algorithm, please refer to Breiman [48].

The inputs of the random forest in this paper are identical to those of the based-NN. The reason
for this was that these features are identified by the MFNNM as the most correlated with future
PM2.5 values and are thus helpful for random forest modeling. The output labels of the random
forest represent the optimal strategies of the CHRNN at each time point. The study did not use the
smallest error between all of the strategies and the actual values as the output label. We designed
a new calculation method. Since the output values of different strategies are often close, using the
smallest error among the strategies as the output label would result in relatively small differences
among strategy outputs, but the conditions of the output labels at each time point would vary, making
random forest training procedure become more difficult.

A bulffer variable is generated to overcome this problem. The variable increases the chance that
Strategy 0 will be determined as the output label, with Strategy 1, the next most likely, and so on.
The reason for this design was that Strategy 0 is used to learn normal conditions and should rationally
be the most common. The strategies following Strategy 1 are used to predict abnormal conditions that
are less common and should be increasingly less likely to be used, so the probability of them becoming
output labels is reduced. We introduce how the output labels are calculated, with ® denoting the buffer
variable. Suppose we want to identify the output label at time i, and the CHRNN has y AddNNSs.
Thus, there are y+1 possible output results for the random forest:

Casel If |Output of Strategy 0-actual value|+® < |Output of Strategy i-actual value|, where 1 <I <y,
then the output label is set as Strategy 0.

Case2 If Case 1 does not hold, and |Output of Strategy 1-actual value |+®<|Output of Strategy j-actual
value|, where 2 < i < y, then the output label is set as Strategy 1.

The judgment conditions from Case 3 to Case y are similar to those of Case 2, so we remove the
details here. Case y + 1 holds when none of the conditions from Case 1 to Case y hold. Finally, when
the output labels have been calculated, it is considered the inputs and output labels at each time point
as independent events to train the random forest. After training, the random forest can be used directly.

5. Results

This chapter utilizes real-world air-quality datasets to verify the effectiveness and execution
efficiency of the proposed approach. This chapter is divided into four sections: (1) An introduction to
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the experiment parameters and settings, (2) the features and time-delay terms extracted using MENNM,
(3) the establishment and discussion of the UCENormalization parameters, and (4) a performance
comparison of four types of CHRNNSs and other deep learning models.

5.1. Introduction to Experiment Parameters and Settings

The proposed models in this study and their parameter settings are as follows: The first part is
the MFNNM with settings of parameters. In this study, the developed program checked the value
of time-delay terms from 1 to 10 h, with 1 h as the default value (obtained in the experiment in
Section 4.2). The threshold values of the features are set for 4, meaning that the MFINNM chooses
four of the most helpful features from the meteorological data for prediction. In UCENormalization,
the developed program tested seven abnormal threshold values. It includes 0.5, 1, 1.5, 2, 2.5, 3 and
3.5 times the standard deviation. The default is three times the standard deviation. For the upper
bound of the normalized data for normal conditions, the developed program tested 0.1, 0.3, 0.5, 0.7, 0.9,
and 0.99. The default is 0.9. Regarding the number of AddNNs in the CHRNN, we fixed the AddNNs
for the three locations at three layers. This is because error improvement became limited once the
AddNNs had two or more layers (as shown in the data in Section 4.4). Finally, for the random forest,
the developed program set the number of trees in the forest at 100. All performance experiments in
this study were performed using Python and operated on an Intel Xeon E5-2603v4 CPU at 1.70 GHz
and an Nvidia GTX 1070ti GPU with 32 GB memory and the Windows 10 operating system.

5.2. Features and Time-Delay Terms Extracted Using MFNNM

Figure 11 displays the process of MFNNM determining the optimal time-delay terms, with the
x-axis representing the value of time-delay terms and the y-axis representing the corresponding Perg,;,
results. It can be seen that the Perg,, value is the lowest at all three locations when the value of
time-delay terms is 1. This means that using the PM2.5 and feature values from the previous hour in
the model produces better prediction results. This is reasonable for the areas where these three stations
are situated. In addition, they are densely populated and highly industrialized and have complex
terrains. It implies that PM2.5 values may fluctuate significantly within short periods of time. Based on
this result, we used 1 h as the optimal time-delay terms for our model.

50 [+ I T I T _
——Dali—~-FengYuan---ChungMing

40 [ - -
=30 i
£
5
=] 20 i

10: |

O | | | | | | |
1 2 3 4 5 6 7 8 9 10
Time-Delay

Figure 11. Corresponding relationship between the value of time-delay terms and Perg,,, in modified
false nearest neighbor method (MFNNM).
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Table 3 presents the features finally selected using MFNNM. At each location, we considered
the 11 substances other than PM2.5 and sorted them in ascending order of the variation of Perg,, (%).
Those closer to the top are more correlated with the output, and the top four features of each location
were the results selected by the MFNNM. It is decided to determine the selection of these features from
quantitative and qualitative perspectives. From a quantitative perspective, we compared the prediction
results using the top four and last four features of the three locations as the inputs of the CHRNN,
which is shown in Table 4. As can be seen, using the top four features for prediction is indeed more
effective than using the last four features. Next, the study adjusts the selection of each feature from a
qualitative perspective. The rainfall area also appears in the top four features at all three locations.
Rainfall is one of the crucial factors influencing changes in PM2.5 because it washes out the PM2.5 in
the air, thereby significantly reducing PM2.5 values. It is noted that it was not the most influenced
feature at all of the locations. This is because it only rained about 3% of the time at the three locations
in 2018. As a result, rainfall exerted a weaker impact on PM2.5. Next are the primary compositions and
sources of secondary PM2.5: NO, CO, and SO,. Generally speaking, NO originates from combustion
in factories and vehicle exhausts, while CO and SO, come from incomplete combustion in vehicles.
The world’s second-largest coal-fired power plant is located in Taichung, Taiwan, which is also Taiwan’s
second-most populous area. Numerous vehicles mean an astounding quantity of NO, CO, and SO,
emissions, which impact PM2.5 values. Finally, MFNNM chose PM10 for DaLi. This is because DaLi
is situated where the Taichung basin meets the mountains to the southeast (as shown in Figure 4).
Every direction of the wind will bring the PM10 and PM2.5 pollutants. Thus, a high correlation exists
between the changes in PM10 and PM2.5 in this area. In contrast, ChungMing and FengYuan do not
have such geographical environments; thus, PM10 was not selected for these two locations.

Table 3. Features ranked by importance using the modified false nearest neighbor method (MFNNM)
in three locations.

DalLi FengYuan ChungMing
Ranking Feature Variation of Feature Variation of Feature Variation of
Pergnn (%) Pergnn (%) Pern (%)
1 RAINFALL 0.058 S0O2 -0.023 NO 0.115
2 PM10 0.127 CcO 0.069 CcO 0.196
3 NO 0.127 NO 0.150 RAINFALL 0.231
4 CcO 0.277 RAINFALL 0.242 SO2 0.358
5 SO2 0.334 PM10 0.588 NO2 0.438
6 WS_HR 0.415 WS_HR 0.611 O3 0.473
7 O3 0.461 RH 0.796 RH 0.577
8 WIND_SPEED 0.611 o3 0.819 AMB_TEMP 0.611
9 NO2 0.842 NO2 1.015 PM10 0.680
10 RH 0.853 AMB_TEMP 1.026 WS_HR 0.876
11 AMB_TEMP 0.969 WIND_SPEED 1.292 WIND_SPEED 1.222

Table 4. Prediction results for three locations using the four most important and four least important
features identified using the modified false nearest neighbor method (MFNNM).

DalLi FengYuan ChungMing
Condition RMSE Condition RMSE Condition RMSE
Best 4 4.544 Best 4 5.355 Best 4 4.373
Worst 4 5.368 Worst 4 5.851 Worst 4 4.464

5.3. Establishment and Discussion of UCENormalization Parameters

In this section, the UCENormalization parameters were determined via the experiment.
These parameters include (1) the abnormal threshold value and (2) the upper bound of normalized
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PM2.5 values in normal conditions. Figure 12 displays the impact of various abnormal threshold
values on RMSE at the three locations. The x-axis in the graph is the number of standard deviations.
If the PM2.5 value exceeds the value of the mean plus the number of standard deviations. Then, it is
considered an abnormal condition. The y-axis represented the corresponding values of RMSE of the x
value. As can be seen, the RMSE at the three locations gradually decreased as the number of standard
deviations increased but increased after three standard deviations. This is because setting a lower
abnormal threshold value means that more data points in the PM2.5 time series will be categorized
as abnormal conditions, thereby forcing the AddNNSs to learn too many things and lowering their
prediction performance, which in turn affects the performance of the CHRNN. When the threshold
value is set for higher than three standard deviations, most of the data points in the PM2.5 time series
are regarded as normal conditions rather than abnormal conditions. This lets the AddNNSs to lose
their purpose and the RMSE to increase. We thus set the abnormal threshold value as three standard
deviations in the subsequent experiments. Figure 13 displays the impact of various upper bounds of
normalized values for normal conditions on RMSE at the three locations. As can be seen, the RMSE
at the three locations initially decreases as the upper bound increases but then increases with the
upper bound once it reaches the lowest point. In the first part, it increases with the upper bound,
thereby widening the operational range of every neural network in the CHRNN and bringing the
prediction results closer to the actual PM2.5 time series. In the second part, the upper bound of the
normal values is too high, which reduces the range of abnormal values. It also makes it difficult for
the CHRNN to learn the abnormal values and decreases the prediction accuracy. It can be noted that
the lowest points of the three locations appear at different upper bounds. The lowest points of the
RMSE for DaLi and RMSE are at 0.9, while the lowest point for ChungMing was at 0.7. This may be
associated with the PM2.5 value distributions at the three locations. There are a greater number of high
PM2.5 values at ChungMing, which has a greater population density and more vehicle exhaust fumes
(higher CO values) than the two other locations. These make the pollutant sources in the area more
complex (see Table 2), so the abnormal values need a wider range for the CHRNN to learn and maintain
higher prediction accuracy. In contrast, there are few abnormal values at DaLi and Feng-Yuan, so the
abnormal values did not need a large range for the CHRNN to obtain good results. In the subsequent
experiments, we used the optimal upper bounds for the normalized values at the three locations.

‘+DaLi%FengYuan'*'ChungMin\
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Figure 12. Influence of different abnormal threshold values on RMSE in usual case emphasizing
normalization (UCENormalization).
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Figure 13. Influence of different upper bounds of normalized values for normal conditions on RMSE in
usual case emphasizing normalization (UCENormalization).
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5.4. Performance Comparison of CHRNNs and Other Deep Learning Models

This section compares the prediction accuracy as well as the temporal and spatial costs of four
CHRNN models, a deep recurrent neural network (DRNN), and a long short-term memory (LSTM)
network. The four CHRNNs were CHRNN-0 through CHRNN-3, which respectively represent a
CHRNN with only the based-NN, a CHRNN with the based-NN and one AddNN, and so on. For a fair
comparison, we used the inputs of the based-NN as the inputs of the DRNN and LSTM. The hidden
layer was set with three layers, the numbers of neurons in these layers being 32, 64, and 32, respectively.
Finally, the output layer had only one neuron, which produced the predicted PM2.5 value one hour
into the future.

Tables 5-7 compare the prediction results of the four CHRNNs, DRNN, and LSTM at the three
locations, including (1) the RMSE of the test datasets for the three types of networks, (2) model size,
(3) model training time, and (4) model testing time. With the RMSE, we can see that at all three
locations, the prediction performance of CHRNN-1 surpassed that of the DRNN, and the prediction
performances of CHRNN-2 and CHRNN-3 were better than that of LSTM. These results demonstrate
the effectiveness of the proposed model.

Table 5. Prediction results for DaLibetween the deep recurrent neural network (DRNN), long short-term
memory (LSTM), and combinational Hammerstein recurrent neural network (CHRNN).

Model # of Parameters Training Time (s) Testing Time(s) RMSE

DRNN 4065 7724.653 0.2770 5.650

LSTM 42,401 12,663.707 0.8714 5.043
CHRNN-0 18 13.482 0.0002 5.814
CHRNN-1 78 45.005 0.0047 4.868
CHRNN-2 138 69.515 0.0047 4.616
CHRNN-3 198 93.904 0.0048 4.544

Table 6. Prediction results for FengYuan between the deep recurrent neural network (DRNN), long
short-term memory (LSTM), and combinational Hammerstein recurrent neural network (CHRNN).

Model # of Parameters Training Time (s) Testing Time(s) RMSE

DRNN 4065 7972.767 0.0240 5.962

LSTM 42,401 13,495.146 0.0244 5.524
CHRNN-0 18 12.966 0.0002 6.463
CHRNN-1 78 44.783 0.0046 5.640
CHRNN-2 138 69.177 0.0047 5.431
CHRNN-3 198 93.565 0.0047 5.355

Table 7. Prediction results for ChungMing between the deep recurrent neural network (DRNN), long
short-term memory (LSTM), and combinational Hammerstein recurrent neural network (CHRNN).

Model # of Parameters Training Time (s) Testing Time(s) RMSE

DRNN 4065 9854.076 0.0240 4701

LSTM 42,401 17,011.711 0.0249 4.407
CHRNN-0 18 11.916 0.0002 5.374
CHRNN-1 78 42.341 0.0047 4.603
CHRNN-2 138 65.134 0.0047 4.318
CHRNN-3 198 88.080 0.0048 4.263

Next, Figure 14 presents the details on how the CHRNN performs better than the deep learning
models. The x-axis is the ranges of different PM2.5 values, and the y-axis is the RMSE of all the PM2.5
values within said ranges. The solid and dashed gray curves represent the results of the DRNN and
LSTM, while the solid black curve shows the results of CHRNN-3. The dashed black curves present
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the results of the other CHRNNSs. A comparison of the results of DRNN, LSTM, and CHRNN-3 shows
that the errors in the normal PM2.5 values of CHRNN-3 (i.e., three standard deviations) are smaller
than those of DRNN and LSTM. The prediction errors for abnormal conditions are greater than those
of DRNN and LSTM, but they are not far off. However, the normal PM2.5 values at the three locations
accounted for over 80% of all the datasets, so the overall performance of CHRNN-3 is naturally better.
Next, observing the performance of CHRNN-0 through CHRNN-3 regarding different ranges of PM2.5
values in Figure 14, it can be seen that with every AddNN added to the CHRNN, the prediction results
in all PM2.5 ranges improve. Furthermore, improvements in greater PM2.5 values are even better.
This also demonstrates that the CHRNN can use the AAdNNSs to effectively predict the changes in

abnormal values in the PM2.5 time series.
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Next, we use Tables 5-7 to compare the numbers of parameters and computing time of the
different models, which show that the numbers of parameters, training time, and testing time of all of
the CHRNNSs were far lower or shorter than those of the two deep learning models. This is crucial
in practical applications because if PM2.5 value predictions are for hundreds of weather stations,
the CHRNNSs only need a small amount of storage space and computing time, which are not adequate
for the deep learning models. A single computer has been selected to train the PM2.5 prediction
models of all of the 368 mid-level administrative districts in Taiwan using the LSTM or DRNN; it takes
54 days and 33 days, respectively. The CHRNNSs would only need 10 h. Clearly, the CHRNNSs can be
intensively retrained to keep up with weather changes. On the whole, the CHRNNSs are better than
the deep learning models in terms of prediction accuracy, temporal costs, and spatial costs, which
demonstrates the effectiveness of the proposed approach.

6. Summary and Conclusions

The growing problem of air pollution has encouraged researchers to explore air pollution
prediction. However, most studies on PM2.5 prediction encounter two difficulties: (1) single statistical
analysis and conventional machine learning cannot achieve accurate predictions due to the high
complexity of PM2.5 sources; (2) deep learning models, which can be more accurate, are difficult to
construct and costly to run. This study incorporated several techniques to address these difficulties:
(1) The MFNNM is proposed in this study to identify features and their time-delay terms for PM2.5
predictions. This method can help identify suitable features based on the location and environment
and further enhance the prediction accuracy of various models for various air pollution values.
(2) The UCENormalization is developed to assist the CHRNN in learning the periodic long-term
changes and sudden short-term variations in PM2.5 concentrations. (3) The CHRNN concept is
conducted to achieve prediction accuracy similar to that of deep learning models with reducing a great
amount of computational time. It only takes 1/60 computational time to achieve the same level of
accuracy of DRNN and takes 1/185 computational time for LSTM.

In future works, the feature selection method and design of the current model are requested.
It includes: (1) considering spatial features in the prediction model and using the PM2.5 data from
multiple stations to predict the PM2.5 values at a target location, (2) using the concept of frequency to
split PM2.5 time series into long-term and short-term changes before CHRNN modeling, and (3) altering
the CHRNN framework to increase prediction accuracy. A static nonlinear module paired with a
dynamic linear module is originally applied to our experiment with a dynamic linear module paired
with a static nonlinear module. With these methods, we hope to further increase the accuracy of PM2.5
prediction while reducing costs.
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