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Air pollution is one of humanity's most critical environmental issues and is considered contentious in several countries worldwide. As a
result, accurate prediction is critical in human health management and government decision-making for environmental management.
In this study, three arti�cial intelligence (AI) approaches, namely groupmethod of data handling neural network (GMDHNN), extreme
learning machine (ELM), and gradient boosting regression (GBR) tree, are used to predict the hourly concentration of PM2.5 over a
Dorset station located in Canada. �e investigation has been performed to quantify the e�ect of data length on the AI modeling
performance. Accordingly, nine di�erent ratios (50/50, 55/45, 60/40, 65/35, 70/30, 75/25, 80/20, 85/15, and 90/10) are employed to split
the data into training and testing datasets for assessing the performance of applied models. �e results showed that the data division
signi�cantly impacted themodel's capacity, and the 60/40 ratio was foundmore suitable for developing predictivemodels. Furthermore,
the results showed that the ELM model provides more precise predictions of PM2.5 concentrations than the other models. Also, a vital
feature of the ELM model is its ability to adapt to the potential changes in training and testing data ratio. To summarize, the results
reported in this study demonstrated an e¢cientmethod for selecting the optimal dataset ratios and the best AImodel to predict properly
which would be helpful in the design of an accurate model for solving di�erent environmental issues.

1. Introduction

1.1. Background. �e impacts of urbanization and indus-
trialization have resulted in increased air pollution, con-
sidered one of our time’s most pressing public health
challenges [1]. Pollution can occur both indoors and out-
doors [2, 3]. �ey are both equally dangerous, despite their
di�ering sources. �e main di�erence between indoor and

outdoor pollution is that indoor pollution may be addressed
using air �lters and odour absorbers, whereas there are no
e�ective means for monitoring and detecting air pollution,
which, in turn, can then be prevented [2]. Several studies
suggest that by 2050, 70% of the global population will reside
in urban areas [4]. �erefore, an e�ective method of
monitoring and predicting air pollution, particularly �ne
particulate matter (FPM), is critical [5–7]. PM2.5 is known as
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atmospheric particulate matter, and its equivalent diameter
(≤ 2.5μm) enables them to be suspended in the atmosphere
for an extended period. Furthermore, the chemical com-
position of PM2.5 generally consists of carbon, nitrate
compounds, sulfur, heavy metals, and other substances such
as sea salt and sand [8], leading to various respiratory
diseases, nervous system damage, cancer, cardiovascular
diseases, etc. [9–12]. Furthermore, air pollution becomes
more severe as the PM2.5 concentration increases. Addi-
tionally, worldwide about 3.15 million mature deaths each
year are caused by exposure to high concentrations of PM2.5.
Overall, outdoor pollution causes 3.3 million deaths yearly
[13]. Consequently, accurate predictions of PM2.5 concen-
trations are critical for enhancing the public health system
and developing an early warning system that predicts pol-
lutant levels. Besides, the advanced warning system can
significantly help people, especially those suffering from
chronic diseases, to avoid exposure to air pollutants at peak
times when pollution reaches high levels that affect their
health.

1.2. PreviousWorks. In the last decades, several studies have
been conducted to predict PM2.5. Moreover, these studies
can roughly be categorized into conventional (deterministic
and statistical) and artificial intelligence approaches (AI).
(e deterministic approach is based on weather research and
predicting (WRP) and community multiscale air quality
(CMAQ) models [14]. Additionally, calculations based on
the deterministic model can account for abrupt changes in
weather phenomena that cause the diffusion of atmospheric
particles and perform well over extended periods [15]. Be-
sides, the deterministic approaches rely on numerical
simulation to obtain large-scale results. However, these
models are time-consuming because they require many
computational resources, limiting their comprehensive
implementation [16]. On the other hand, statistical models
such as nonlinear regression [17], classification and re-
gression trees linear model-Kalman filter analog combina-
tion [18], autoregressive integrated moving average [19],
exponential smoothing with drift model [20], and combi-
nation model [21] are more efficient as well as quicker and
easier than deterministic models [22]. However, the per-
formances of the statistical models are relatively poor since
the characteristics of PM2.5 are volatile for different samples
[23, 24]. Zhang et al. [19] used an autoregressive integrated
moving average (ARIMA) to evaluate and predict the trend
of PM2.5 concentrations. However, the result showed that
the ARIMAmodel was outdated, which reduced the model’s
accuracy. (us, the model enabled only to predict the trend.
Furthermore, several factors influence the complicated
formation of PM2.5 such as meteorological factors (e.g., wind
speed, humidity), population, and road network. (e rela-
tion between these factors is highly nonlinear and com-
plicated, making them almost impossible to be captured
using conventional methods [25, 26].

Machine learning (ML) has made tremendous progress
in recent years in solving numerous engineering in general
[27–32] and PM2.5 concentration in particular [33–42]. ML

combines data science, statistics, and computing in an in-
terdisciplinary fashion. Furthermore, regarding PM2.5
concentration prediction, ML methods have been shown to
perform better than traditional statistical models since they
can handle nonlinear relationships and interactions between
variables [43, 44]. Furthermore, ML methods are valuable
tools for tracking pollution baseline and have been proven to
identify pollution hotspots accurately. Moreover, many
variables from air quality and metrological data can be
analyzed using these techniques to enhance the under-
standing of their patterns and predict weather phenomena
such as haze, air pollution, and visibility. Shang and He [45]
combined random forest (RF) and ensemble neural network
to predict the hourly PM2.5 concentrations. (e proposed
modeling method performed well. Furthermore, Wang et al.
[46] used RF, multiple linear regression (MLR), and an
ensemble model that combines RF and MLR to forecast the
indoor hourly PM2.5 concentrations. Different metrological
and air quality parameters are considered to develop the
proposed models. (e results showed that the ensemble
model provided better accuracy than the stand-alone
models. Additionally, the results showed that the RF model
has significant potency in predicting PM2.5 concentrations.
Murillo et al. [47] proposed three machine learning models,
namely artificial neural network (ANN), support vector
regression (SVR), and a hybrid model that combines the
SVR model with a particle swarm optimization algorithm
(PSO) to predict one day in advance of PM2.5 concentra-
tions. (e models were developed using various air quality
and metrological parameters. (e result showed that the
hybrid model showed better performance in predicting
PM2.5 concentrations compared to the other models. (e
hybrid models can find more efficient solutions than tra-
ditional ones [48]. In other words, the researchers usually
incorporate the bio-inspirited algorithm with the classical
models to enhance these models’ capability and hence
achieve excellent predictive results [49, 50]. Furthermore,
these algorithms more frequently are given particular roles,
such as optimizing the hyperparameters of the model, which
are very difficult to compute via traditional methods.

Moisan et al. [51] compared the performance of three
machine learning models, namely dynamic multiple equa-
tions (DME), seasonal ARIMA model with exogenous var-
iables (SARIMAX), and ANN, in predicting the hourly PM2.5
concentrations. For model development, different historical
pollution and metrological parameters were considered in-
puts for the proposed models. (e results showed that the
DME model performed better than the other models during
the severe episodes. For more examples, Table 1 shows a brief
of the applied AL approaches in the PM2.5 concentration
predictions. Based on the reviewed papers in that table, the
researchers did not pay considerable attention to the data
division through training the AI and statistical models. Few
ratios (70/30, 80/20, and 90/10) were employed to split the
data into training and testing datasets to assess applied
models' performance. Moreover, the proper data division into
the training and testing datasets can significantly influence the
model efficiency. In other words, increasing the length of the
training dataset would make the model overfit the data.
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Nevertheless, insufficient data for training the model may
significantly impact prediction accuracy, dramatically low-
ering the chance of receiving valid estimates.

1.3. Research Motivation. Owning to the accurate prediction
of PM2.5 is very important is very important for the mangers to
be alert, establish a robust system for early warning, and
minimize adverse health effects and associated costs; this study
investigates the influence of data partitioning on the models’
efficiency. To the best of authors' knowledge, the investigation
of selecting the best training and testing data ratio is not
conducted yet. (e reported approach in Table 1 explored that
the researchers preferred to predict air pollution using ANN-
based models. However, new versions of ANN modeling ap-
proaches such as ELM were not applied for air pollution
forecasting. In addition, models such as ELM, GMDHNN, and
GBR, despite their wide popularity in solving complex engi-
neering problems [27, 29, 60–62], were not used in previous
works to predict the concentration of PM2.5. (erefore, these
modeling approaches and their capacity have been explored in
more detail.

2. Methodology

2.1. Case Study andDataCollection. In this study, the hourly
PM2.5 concentration data from Dorset station from January
01, 2011 to December 31, 2020 are collected. Dorset station is
located in Ontario city with a latitude of 45°13′27″N and
longitude of −78°55′59″W, Canada. (e location of the

study area and the location of the studied station and the
distribution of PM2.5 pollution over Canada are provided in
Figures 1(a) and 1(b), respectively. More information about
the studied station and the statistical description of the data
is presented in Table 2. Furthermore, Figure 2 shows Dorset
ambient air monitoring station.

2.2. Data Cleaning. Pollutant data such as PM2.5 are usually
measured using several equipment or sensors. Despite this,
sensors are susceptible to hardware issues like power fail-
ures, maintenance, and unstable network equipment and
hence lead to producing missing measures, zero values,
negative values, null values, or others that exceed the normal
range. Consequently, the accuracy of model predictions may
be affected if data containing defects are directly used as
input.

In this study, the percentage of missing data of PM2.5 is
significantly low (1.78%). To compensate for the missing
values, the linear interpolation of neighboring and
piecewise cubic spline interpolation methods is used in
this study before making predictions. However, the
piecewise cubic spline interpolation approach provided
unrealistic and negative values, making it unreliable in
compensating for missing air pollution data values. In
addition, the results of this study are consistent with other
studies regarding the unreliability of the piecewise cubic
spline interpolation approach in compensating for the
missing values [64]. As a result, linear interpolation is
more efficient in replacing the missing PM2.5 values.

Table 1: Examples of different AI approach in PM2.5 prediction.

Ref. Used models Data division Best model Statistical matrices

[1] Random forest, XGBoost, and deep learning 70% for training;
30% for testing XGBoost R, MAE, RMSE

[43] Random forest 10-fold cross-validation RF R2, RPE

[52] SVM, ANN 80% for training;
20% for testing ANN R, MSE

[53]

EEMD-GRNN
ANFIS
MLR
MLP

90% for training;
10% for testing ANFIS R, R2, MAE, RMSE

[54]

GTWR
LR

ANN
ANIFS
GRNN

— GRNN. R, MAE, RMSE

[55] ANN
MLR 10-fold cross-validation ANN R, MAE, MAPE, RMSE, IA

[56]

EEMD-GRNN
GRNN
MLR
PCR

ARIMA

90% for training;
10% for testing EEMD- GRNN MAE, MAPE, RMSE, IA

[57] MLP
70% for training;
15% for validation;
15% for testing

MLP MAE, RMSE, IA

[58] XGBoost includes NELRM 10-folds cross-validation XGBoost. R2, RMSE, MAPE
[59] RF model 10-folds cross-validation RF R2, RMSPE, MPE
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Figure 1: (a) (e location of the Dorset station used in the study. (b) PM2.5 concentrations over Canada [63].
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Besides, this method is chosen because the range of
missing values is small, making it easy to recover the
hour’s conditions from the data. (e adopted approach
formula can be described as follows:

y(h + n) � y(h) +
n

g + 1
(y(h + g + 1) − y(h)), (1)

where y(·) is the time-series target, g is the time-series
duration, and n is the prediction nth item of missing value,
where g − 1≥ n≥ 1.Moreover, h corresponds to the previous
normal data before the range of missing points.

2.3. Extreme Learning Machine. (e ELM is considered a
new robust and simple learning algorithm designed by
Huang et al. [65] for a single hidden layer feedforward
neural network (SLFNN). Unlike the gradient algorithms,
the ELM learning speed is significantly faster at the same
time, providing better generalization since it does not
have the complexities of local minima, learning rate, and
epochs, which is considered a considerable drawback for

the other models. Furthermore, the ELM model is user-
friendly, easy to comprehend, and provides minimum
training errors with few norm weights [66, 67]. (e ELM
network consists of input, hidden, and output layers. In
the input layer, the data are provided to the ELM network.
Among the three layers, the hidden layer is considered the
most fundamental layer since the ELM computations are
carried out in it, as well as it serves as a bridge between the
input and output layers in which the ELM results are
organized. Given R samples of a trained dataset, the
mathematical expression of SLFNN’s output function
with U hidden nodes and activation function G(x) is
shown as follows:

fU xj  � 
U

r�1
BrGr αr · xr + βr( , j � 1, 2, . . . , R. (2)

(e input weights α and biases β are assigned randomly
for the hidden nodes, while the output weights B are cal-
culated analytically.(e equation above can be compacted in
the form as follows:

ZB � T, (3)

where Z is the output matrix,

Z α1, . . . , αU, β1, . . . , βU, x1, . . . , xU( 

�

Gr α1 · x1 + β1(  . . . GU αU · x1 + βU( 

⋮ ⋮

GU αU · xU + β1(  . . . GU αU · x1 + βU( 
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
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(4)

where (·)T refers to the transpose of the matrix. Figure 3
shows the main structure of ELM.

2.4. Group Method of Data Handling. Ivakhnenko first
proposed the group method of data handling (GMDH)

approach as a polynomial neural network to capture the
complex relationship between the input and output in a
nonlinear system [68]. Since having prior knowledge of the
model is inconceivable in the mathematical model, the
GMDH neural network (GMDH − NN) is utilized to
overcome this issue [27]. As a result, in the GMDH − NN
model, the simulation of complex systems can be carried out
without needing any prior specialized knowledge. (e pri-
mary notion of the GMDH − NN model is to establish an
analytical function within the feedforward network (FNN),
which can be achieved by utilizing the coefficients from a
quadratic node transfer function derived through the re-
gression approach. A standard GMDH − NN formula can be
expressed as follows:

Table 2: (e statistical description of the used data.

Parameter Description
Station name Dorset (49010)
Latitude 45.22428
Longitude −78.9329
Location 1026 Bellwood Acres Rd., Ontario, Canada
Elevation 318 meters
Station type Rural
Height of air intake 3 meters
Pollutants measured PM2.5
Unit Micrograms per cubic meter
Measuring scale Hourly
Used data Jan-01 2011 to Dec-31 2020
Statistical Description
Mean 4.7332
Standard deviation 3.9876
Maximum 65
Minimum 0

Figure 2: Dorset Ambient AirMonitoring. Source (http://www.
airqualityontario.com/history/station.php?stationid�49010).
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c � ro + r1xi + r2xj + r3x
2
i + r4x

2
j + βxixj, (5)

where c is the output, and xi andxj present the model’s
inputs. (e ro, r1, r3, r4, and β refer to the polynomial co-
efficients, which can be obtained through the training
dataset. Each layer involves a set of input processing
components known as nods, and the outcome of each layer is
utilized as new input over the following layer. In order to
optimize the weights, the least squares (LS) are adopted to
acquire the minimum residual between the actual and the
predicted values. Figure 4 shows the structure of the
GMDH − NN model.

2.5. Gradient Boosting Regression Trees. Gradient boosting
regression tree (GBR) combines the advantages of the
boosting approach and decision trees to overcome
classification and regression problems. (e general no-
tion of GBR is the combination (through boosting ap-
proach) of a series of decision trees known as weak
learners to obtain an ensemble with multiple decision

trees (strong learners), which in turn will increase the
accuracy and the performance of the model. (e boosting
approach involves adding extra trees to the sequence
without altering the model parameters that have already
been added to minimize the loss function ∪ (·) for the
model. In other words, the training samples’ weights are
modified in accordance with the last iteration, and the
weights are increased for the observations that are hard
to predict while lessened for those well-handled. As-
suming f(x) is the approximation function, and x is set
of predictors, and utilizing N additive functions, the
ensemble tree model can be illustrated as follows [69, 70]:

f(x) � 
N

r�1
fr(x) � 

N

r�1
ρrg x; αr( , (6)

where αr and ρr represent the end nods’ mean and the given
weights in the rth regression tree, respectively. g(.) repre-
sents the basis function’s additive expansion. Using the
forward ‘‘stage − wise’’ approach, the parameters αr and ρr

are optimized. (e estimate function can be illustrated
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through (7) after ith number of iterations, and the optimal ρi

is obtained using (8).

f(x) � fi−1(x) + ρig x; αi( , (7)

ρi � argmin
L

l�1
∪ yl, fi xl( ( 

� argmin
L

l�1
yl − fi xl( ( 

2
,

(8)

where ∪ (·) is the loss function, L represents the number of
observations, xl represents the predictors set for a given lth

observations, and yl represent the response variable for a
given lth observations. Figure 5 shows the structure of GBR
model.

2.6. Model Development Performance Evaluation. (ree ar-
tificial intelligence models, namely extreme learning ma-
chine (ELM), group method of data handling neural
network (GMDHNN), and gradient boosting regression tree
(GBR), are used to predict the hourly concentration of PM2.5
over a Dorset station located in Canada. Before training the
AI models, it is crucial to replace the missing dataset and
determine the proper input-lagged vectors. Notably, the
missing records have been replaced using two methods, as
shown in the previous section of this study. Furthermore, the
autocorrelation function (ACF) and partial autocorrelation
function (PACF) are used. Autocorrelation and partial
autocorrelation functions are fundamental tools in the
analysis of linear time series. (e ACF measures the cor-
relation between values and the series’ current value at
various time points. More specifically, it indicates how
similar the observations are considering their time lag. (e
PACF measures the correlation between values at various
time points and the series’ current value by partially re-
moving the effects of the intermediate values. According to
Figure 6, three input combinations can be used.(e possible
input groups can be shown below and can be used to predict
one hour ahead of PM2.5.

M1 � f PM2.5t−1( ,

M2 � f PM2.5t−1,PM2.5t−2( ,

M3 � f PM2.5t−1,PM2.5t−2,PM2.5t−3( .

(9)

Based on the view of ACF, many possible variables can
be used as inputs, and, however, there can be found that
these variables were significantly correlated with each
other. (us, PACF was used to select the most significant
inputs.

After selecting the input groups, it is essential to de-
termine the possible training/testing ratios. (e dataset’s
length considerably affects the AI models’ performances.
(is study employed nine different ratios (see Figure 7) to
split the data into training and testing datasets to assess the
applied model’s performance. It is worth mentioning that
the hyperparameters of the applied models were selected
using the trial-and-error method because there is no
straightforward approach to compute these critical

+ + …. +

Figure 5: (e structure of the GBRT.
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parameters, which have considerable effects on the esti-
mation accuracy. Figure 8 shows the main processes that are
used in this research.(e block diagram in Figure 8(a) shows
the seven essential steps related to the researchmethodology,
whereas more details on the models’ development are given
in Figure 8(b).

2.7. Performance Evaluation. To assess the performance of
the proposed models in PM2.5 prediction, different statistical
matrices are employed as shown below [71–73]:

(i) Mean absolute error (MAE)

MAE �
1
n



n

i�1
PMi,m

− PMi,p


. (10)

(ii) Root mean square error (RMSE)

RMSE �

�������������������

1
n



n

i�1
PMi,m

− PMi,p
 

2
.




(11)

(iii) Correlation coefficient (R)

R �


n
i�1 PMi,m

− PMi,m
  PMi,p

− PMi,p
 

��������������������������������������


n
i�1 PMi,m

− PMi,m
 

2


n
i�1 PMi,p

− PMi,p
 

2
 .

(12)

(iv) Willmot index (WI)

WI � 1 −


n
r�1 PMi,p

− PMi,m
 

2


n
i�1 PMi,p

− PMi,m


 + PMi,m
− PMi,m



 
2. (13)

(v) Nash-Sutcliffe efficiency (NSE)

NSE � 1 −


n
i�1 PM

i,m
− PMi,p






n
i�1 PM

i,p
− μ




, (14)

where PMi,m and PMi,p are the average of the
measured and the predicted PM2.5 values, respec-
tively; PMi,m − PMi,p represent the measured and
predicted values of PM2.5 for n number of total
observations; and μ is the mean deviation of the
measured value.

3. Results and Discussion

(is section discusses the performance of the proposed
models in forecasting the hourly concentration of PM2.5 over
a long period (from 01/01/2011 to 31/12/2020). Besides, three
input combinations and nine data length scenarios have
been used to train and validate the models (ELM,
GMDHNN, and GBR). (e performance of the models
through the training phase is given in Table 3. According to
the results of the training phase, the ELM provides the most
efficient predictions with the lowest forecasting errors
(MAE ≈ 0.9710 to 1.1099; RMSE ≈ 1.6088 to 1.8329).
Nevertheless, the general performance of the GBR is un-
satisfactory compared to other models, providing higher
errors (MAE ≈ 3.7064 to 7.5851; RMSE ≈ 4.8536 to
9.7894). (e third model (GMDHNN) yields a satisfactory
prediction capacity (MAE ≈ 0.9898 to 1.1187; RMSE ≈
1.6495 to 1.8372) than the GBRmodel, but its performance is
still lower than the ELM model through the training phase.
(e statistical parameters (i.e., RMSE and MAE) prove that
the ELM has an outstanding capability, providing excellent
estimates despite the considerable change in the input
variables and length of the training dataset. On the other
hand, the GBR model shows poor performance and an
inability to deal with the extensive dataset. A further re-
markable observation that can be deduced from the reported

Case 1
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Case 4

Case 5

Case 6

Case 7

Case 8

Case 9

Training length %
Testing length %

20 40 60 80 1000
Time series data from 2011 to 2020

Figure 7: (e nine different ratios that were utilized to split the data into training and testing datasets.
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results is that the performances of the machine learning
model (ELM and GMDHNN) got reduced when the training
dataset was at 50% of the total observations. For the case of

50% of data being used for the training, both models il-
lustrate the difficulty of estimating the PM2.5 using a single
input parameter. After evaluating the forecasted errors, it is

Collecting data regarding PM2.5 pollution

Manipulating the missing data

Time series data analysis by ACF and PACF 

Identifying the best lagged vectors

Assigning different training/ testing rations

Training AI models 

Testing the AI models accuracy

(a)

Start

Data collection 

Data Pre-processing
Replace the 

missing values

Data division 

Selecting the training data 
length

Training phase Testing phaseCalibration 
process

Model 
efficiency 

Save the model EndPredicting PM2.5

No 

Yes 

(b)

Figure 8: (a) Block diagram of the process of the study. (b) (e flowchart of the process of developing the proposed models.
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essential to analyze how the estimated observations of PM2.5
are correlated with their corresponding values. in this
regards, many performance metrics are performed, namely,
the Willmott index (WI), correlation coefficient (R), and
Nash-Sutcliffe efficiency (NSE), as presented in Table 3.
Overall, the results demonstrate that the ELM model can
provide higher accurate estimates in all cases than other
models. In other words, the similarity between observed and
predicted values by the ELM approach is promising. (e R,
WI, and NSE criteria for all cases range from 0.906 to 0.9171,
0.9489 to 0.9553, and 0.942 to 0.938, respectively. Similarly,
the GMDHNNmodel yields a good prediction but is slightly
lower than the ELM models. On the other hand, the GBR
model cannot mimic the fluctuation of the PM2.5 concen-
trations over time, providing poor estimates with WI
ranging from 0.6228 to 0.8109 and NSE ranging from 0.798
to 0.547.

As the ELM approach presents excellent performance
through the training phase, it is essential to validate this
model using testing data points. Several studies emphasized
that comparable models can be evaluated more effectively
through the testing phase [28, 74]. (e reason is that the
model in the training phase would be trained in the
presence of input points and their corresponding values.
On the contrary, the applied model receives only input
vectors in the testing phase. Table 4 shows the performance
evaluation of the proposed models through the testing
phase, and it can be seen that the ELM model outperforms
the other proposed models. In other words, the ELM
provides estimations that are significantly similar to their
actual ones (R ≈ 0.9001 to 0.9297; WI≈ 0.9461 to 0.9573;
NSE ≈ 0.9371 to 0.9281) with lower forecasted error
forecasted errors (RMSE ≈ 1.4049 to 1.5327; MAE ≈ 0.9001
to 0.9207) compared to GBR and GMDHNN models. (e
results also show that the best second model is GMDHNN,
but its efficiency in dealing with fluctuated data like PM2.5 is
not accurate as the ELM model. However, the GBR model
faces problems in capturing the dynamics of PM2.5 over the
time period.

3.1. ?e Effect of Data Length on the Predictive Models’
Performances. (is part of the study shows how the input
variables and length of the testing dataset affect the applied
models’ capacity to predict PM2.5. In general, AI models
require sufficient records and enough input vectors to
provide more accurate estimations. In this regard, this study
offers forty-five different scenarios of input parameters and
the dataset’s length as shown in Table 4. (e results through
the testing phase are considered to analyze the models’
performances. (e results showed that the ELM is more
flexible with data size changes and lagged inputs than other
models according to the statistical parameters such as
R, RMSE, WI, andMAE. Moreover, the ELM requires only
two input vectors when the testing data size ranges from 50%
to 25% and adapts very well to the increasing changes in the
data length. Also, the results demonstrate that if the testing
data are reduced below 25%, the model requires more input

vectors. As the length of testing data decreases (i.e., 20%,
15%, and 10%), the training data employed in the model
increases, and thus, the training algorithm requires more
inputs to complete the training and calibration processes
efficiently and elaborately. Accordingly, the proposed model
has high flexibility in the changes concerning the length of
data and the number of the used inputs. According to the
reviewed results obtained from the ELM model, it can be
said that this model can provide more accurate results when
the testing data size ranges from 40% to 45% of the entire
dataset.

(e other comparable models, such as the GBR model,
do not have a reasonable or deducible pattern in dealing with
cases where there is a change in the percentage of training
data and the number of inputs. On the contrary, the last
model (GMDHNN) tends to have a single pattern that can
be deduced by evaluating its performance through statistical
coefficients. (is model needs, in most cases, the largest
possible number of inputs, and therefore it does not show
any flexibility for small and large changes that occur in the
volume of data used.

For further assessment, the 95% uncertainty criterion
(U95) is a very effective tool for selecting the most effective
and reliable model [28]. Taking into consideration the RMSE
and SD (standard deviation of the computed errors), the
mathematical expression of the U95 is as follows [75]:

U95 � 1.96
������������

RMSE2
+ SD2



. (15)

For different splits and input lags of the testing dataset,
Figure 9 shows the evaluation of proposed models using U95.
(e results demonstrate that the ELM provides the smallest
value of U95 compared to other models. Furthermore,
Figure 9 are consistent with the findings from the statistical
parameters, which indicate that the effectiveness and ac-
curacy of the ELM model reach their maximum when the
training data represent from 40% to 45% of the total data.
However, the GBR has recorded the highest value of un-
certainty (U95) followed by GMDHNN models.

It is essential to check the reliability analysis (RA) of the
comparable models. (is type of analysis is considered very
effective in evaluating the consistency and performance of
the models. (is novel statistical metric provides essential
information that can be used in determining whether the
suggested models achieve the minimum requirement of
allowable level of accuracy.(erefore, the RA is quite helpful
in deciding and nominating the best model for air quality
prediction. (e formula below shows the mathematical
expressions for calculating the RA [76]:

RA �
100%

n


n

i�1
Si. (16)

In (16), the n is the total number of PM2.5 samples, and Si
is the equivalent factor for each sample and its value is either
1 or 0. Furthermore, the Si depends mainly on the percentage
relative error (RE), which is mathematically derived in the
following equation.
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Table 3: (e performance of the proposed models through the training phase.

MAE (µg/m3)
Length of data % GBR-M1 ELM-M1 GMDHNN-M1 GBR-M2 ELM-M2 GMDHNN-M2 GBR-M3 ELM-M3 GMDHNN-M3
50 7.2799 1.1099 1.1187 7.4488 1.0889 1.1134 6.8659 1.0828 1.1131
55 3.7064 1.0937 1.1008 7.2083 1.0738 1.0966 7.5851 1.0643 1.0936
60 7.5298 1.0721 1.0772 7.5252 1.0525 1.0729 5.9251 1.0480 1.0711
65 7.4281 1.0501 1.0556 4.2015 1.0289 1.0515 7.4239 1.0260 1.0484
70 6.6336 1.0317 1.0365 6.9824 1.0133 1.0333 4.9280 1.0063 1.0293
75 7.5004 1.0206 1.0258 4.2329 1.0040 1.0213 6.8401 1.0085 1.0178
80 7.4874 1.0071 1.0117 7.4851 0.9895 1.0074 6.0359 0.9852 1.0038
85 6.2630 0.9919 0.9954 7.3971 0.9818 0.9985 7.3912 0.9767 0.9936
90 7.3670 0.9916 0.9955 7.3636 0.9760 0.9910 7.3607 0.9710 0.9898
Min 3.7064 0.9916 0.9954 4.2015 0.9760 0.9910 4.9280 0.9710 0.9898
Max 7.5298 1.1099 1.1187 7.5252 1.0889 1.1134 7.5851 1.0828 1.1131
R
50 0.9063 0.9062 0.9057 0.9111 0.9106 0.9071 0.9100 0.9137 0.9076
55 0.9051 0.9063 0.9060 0.9092 0.9111 0.9074 0.9108 0.9145 0.9084
60 0.9072 0.9067 0.9064 0.9145 0.9111 0.9077 0.9083 0.9133 0.9087
65 0.9082 0.9076 0.9073 0.9004 0.9131 0.9087 0.9161 0.9143 0.9096
70 0.9084 0.9085 0.9082 0.9115 0.9126 0.9094 0.9098 0.9158 0.9103
75 0.9100 0.9095 0.9092 0.9100 0.9135 0.9108 0.9133 0.9134 0.9116
80 0.9099 0.9102 0.9099 0.9169 0.9141 0.9113 0.9123 0.9164 0.9121
85 0.9094 0.9110 0.9107 0.9156 0.9146 0.9110 0.9164 0.9162 0.9119
90 0.9113 0.9110 0.9107 0.9170 0.9151 0.9123 0.9168 0.9171 0.9127
Min 0.9051 0.9062 0.9057 0.9004 0.9106 0.9071 0.9083 0.9133 0.9076
Max 0.9113 0.9110 0.9107 0.9170 0.9151 0.9123 0.9168 0.9171 0.9127
RMSE (µg/m3)
50 9.4115 1.8329 1.8372 9.6029 1.7913 1.8244 8.8518 1.7615 1.8197
55 4.8536 1.8102 1.8138 9.2754 1.7661 1.8003 9.7894 1.7334 1.7916
60 9.6767 1.7786 1.7817 9.6999 1.7378 1.7694 7.6149 1.7179 1.7601
65 9.5495 1.7465 1.7493 5.4772 1.6963 1.7370 9.5644 1.6853 1.7288
70 8.4649 1.7160 1.7186 8.8848 1.6792 1.7077 6.3041 1.6488 1.6994
75 9.5555 1.7032 1.7059 5.4347 1.6674 1.6919 8.6865 1.6676 1.6847
80 9.5271 1.6877 1.6904 9.5254 1.6518 1.6775 7.6736 1.6307 1.6703
85 8.0018 1.6648 1.6671 9.4256 1.6360 1.6683 9.4138 1.6209 1.6602
90 9.3997 1.6648 1.6671 9.4056 1.6275 1.6525 9.3857 1.6088 1.6495
Min 4.8536 1.6648 1.6671 5.4347 1.6275 1.6525 6.3041 1.6088 1.6495
Max 9.6767 1.8329 1.8372 9.6999 1.7913 1.8244 9.7894 1.7615 1.8197
WI
50 0.6463 0.9489 0.9485 0.6413 0.9515 0.9495 0.6650 0.9533 0.9498
55 0.8190 0.9490 0.9488 0.6473 0.9518 0.9496 0.6325 0.9538 0.9502
60 0.6291 0.9492 0.9490 0.6313 0.9518 0.9498 0.6993 0.9531 0.9503
65 0.6296 0.9498 0.9496 0.7813 0.9530 0.9505 0.6323 0.9537 0.9507
70 0.6603 0.9503 0.9502 0.6464 0.9527 0.9509 0.7442 0.9546 0.9515
75 0.6238 0.9509 0.9508 0.7820 0.9532 0.9516 0.6527 0.9532 0.9520
80 0.6228 0.9513 0.9510 0.6253 0.9536 0.9519 0.6870 0.9549 0.9524
85 0.6722 0.9517 0.9516 0.6262 0.9538 0.9518 0.6266 0.9548 0.9522
90 0.6252 0.9517 0.9516 0.6271 0.9541 0.9525 0.6274 0.9553 0.9528
Min 0.6228 0.9489 0.9485 0.6253 0.9515 0.9495 0.6266 0.9531 0.9498
Max 0.8190 0.9517 0.9516 0.7820 0.9541 0.9525 0.7442 0.9553 0.9528
NSE
50 0.6124 0.9409 0.9404 0.6034 0.9420 0.9407 0.6344 0.9423 0.9407
55 0.7981 0.9404 0.9400 0.6073 0.9415 0.9403 0.5867 0.9420 0.9404
60 0.5765 0.9397 0.9394 0.5768 0.9408 0.9397 0.6668 0.9411 0.9398
65 0.5709 0.9393 0.9390 0.7573 0.9406 0.9393 0.5711 0.9407 0.9394
70 0.6066 0.9388 0.9385 0.5859 0.9399 0.9387 0.7077 0.9403 0.9390
75 0.5533 0.9392 0.9389 0.7479 0.9402 0.9392 0.5926 0.9399 0.9394
80 0.5490 0.9393 0.9391 0.5492 0.9404 0.9393 0.6365 0.9407 0.9395
85 0.6155 0.9391 0.9389 0.5480 0.9400 0.9390 0.5484 0.9403 0.9393
90 0.5477 0.9391 0.9389 0.5479 0.9401 0.9392 0.5481 0.9404 0.9392
Min 0.5477 0.9388 0.9385 0.5479 0.9399 0.9387 0.5481 0.9399 0.939
Max 0.7981 0.9409 0.9404 0.7573 0.942 0.9407 0.7077 0.9423 0.9407
Bold values indicate the highest accuracy.
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Table 4: (e performance of the proposed models through the testing phase.

MAE
Length of data % GBR-M1 ELM-M1 GMDHNN-M1 GBR-M2 ELM-M2 GMDHNN-M2 GBR-M3 ELM-M3 GMDHNN-M3
50 0.8557 0.8585 0.8688 0.8516 0.8500 0.8753 0.8739 0.8578 0.8754
45 1.5797 0.8500 0.8592 0.8415 0.8439 0.8633 0.8636 0.8473 0.8647
40 0.8550 0.8521 0.8599 0.8520 0.8434 0.8623 0.9790 0.8472 0.8649
35 0.8594 0.8565 0.8660 1.4210 0.8466 0.8678 0.8551 0.8491 0.8666
30 0.8901 0.8698 0.8774 0.8610 0.8597 0.8771 1.2031 0.8583 0.8767
25 0.8709 0.8707 0.8775 1.3650 0.8610 0.8773 0.8659 0.8681 0.8752
20 0.8889 0.8848 0.8879 0.8733 0.8697 0.8884 0.9516 0.8670 0.8863
15 0.9316 0.8882 0.8925 0.8797 0.8742 0.8923 0.8787 0.8713 0.8877
10 0.8879 0.8890 0.8947 0.8797 0.8785 0.8927 0.8873 0.8769 0.8904
Min 0.8550 0.8500 0.8592 0.8415 0.8434 0.8623 0.8551 0.8472 0.8647
Max 1.5797 0.8890 0.8947 1.4210 0.8785 0.8927 1.2031 0.8769 0.8904
R
50 0.9153 0.9153 0.9156 0.9168 0.9191 0.9157 0.9169 0.9184 0.9162
45 0.9143 0.9161 0.9163 0.9169 0.9200 0.9173 0.9160 0.9190 0.9175
40 0.9164 0.9167 0.9168 0.9169 0.9207 0.9179 0.9174 0.9206 0.9182
35 0.9158 0.9161 0.9161 0.9078 0.9198 0.9172 0.9166 0.9204 0.9174
30 0.9143 0.9144 0.9144 0.9164 0.9187 0.9157 0.9150 0.9181 0.9162
25 0.9113 0.9115 0.9115 0.9113 0.9145 0.9128 0.9129 0.9145 0.9130
20 0.9076 0.9083 0.9086 0.9101 0.9122 0.9100 0.9087 0.9141 0.9103
15 0.9098 0.9110 0.9112 0.9128 0.9151 0.9123 0.9138 0.9162 0.9124
10 0.9000 0.9001 0.9004 0.9022 0.9042 0.9018 0.9006 0.9048 0.9022
Min 0.9000 0.9001 0.9004 0.9022 0.9042 0.9018 0.9006 0.9048 0.9022
Max 0.9164 0.9167 0.9168 0.9169 0.9207 0.9179 0.9174 0.9206 0.9182
RMSE
50 1.4567 1.4499 1.4481 1.4386 1.4191 1.4473 1.4741 1.4258 1.4439
45 2.2999 1.4361 1.4350 1.4373 1.4049 1.4274 1.4374 1.4136 1.4264
40 1.4444 1.4420 1.4415 1.4407 1.4084 1.4329 1.6126 1.4097 1.4306
35 1.4633 1.4607 1.4606 2.1625 1.4291 1.4516 1.4570 1.4243 1.4497
30 1.5409 1.4926 1.4925 1.4915 1.4558 1.4814 1.9040 1.4610 1.4781
25 1.4906 1.4884 1.4886 2.0958 1.4641 1.4787 1.5030 1.4641 1.4764
20 1.5073 1.5015 1.4996 1.4875 1.4708 1.4886 1.6200 1.4555 1.4863
15 1.5949 1.4979 1.4966 1.4840 1.4650 1.4882 1.4753 1.4558 1.4871
10 1.5338 1.5327 1.5305 1.5183 1.5022 1.5206 1.5284 1.4974 1.5175
Min 1.4444 1.4361 1.4350 1.4373 1.4049 1.4274 1.4374 1.4097 1.4264
Max 2.2999 1.5327 1.5305 2.1625 1.5022 1.5206 1.9040 1.4974 1.5175
WI
50 0.9527 0.9543 0.9541 0.9544 0.9564 0.9543 0.9499 0.9560 0.9545
45 0.8508 0.9547 0.9546 0.9533 0.9568 0.9551 0.9549 0.9564 0.9551
40 0.9549 0.9550 0.9548 0.9556 0.9573 0.9555 0.9366 0.9571 0.9555
35 0.9546 0.9547 0.9545 0.8763 0.9569 0.9552 0.9554 0.9571 0.9551
30 0.9473 0.9537 0.9536 0.9519 0.9561 0.9543 0.9094 0.9559 0.9546
25 0.9522 0.9522 0.9521 0.8812 0.9539 0.9527 0.9485 0.9536 0.9528
20 0.9502 0.9505 0.9505 0.9516 0.9527 0.9513 0.9355 0.9535 0.9514
15 0.9404 0.9520 0.9520 0.9530 0.9543 0.9525 0.9534 0.9546 0.9524
10 0.9461 0.9461 0.9462 0.9474 0.9483 0.9468 0.9461 0.9484 0.9471
Min 0.8508 0.9461 0.9462 0.8763 0.9483 0.9468 0.9094 0.9484 0.9471
Max 0.9549 0.9550 0.9548 0.9556 0.9573 0.9555 0.9554 0.9571 0.9555
NSE
50 0.9340 0.9338 0.9330 0.9343 0.9344 0.9325 0.9326 0.9338 0.9325
45 0.8769 0.9338 0.9330 0.9344 0.9342 0.9327 0.9327 0.9340 0.9326
40 0.9343 0.9346 0.9340 0.9346 0.9371 0.9338 0.9248 0.9349 0.9336
35 0.9352 0.9354 0.9347 0.8929 0.9362 0.9346 0.9355 0.9360 0.9347
30 0.9345 0.9360 0.9354 0.9366 0.9367 0.9354 0.9115 0.9368 0.9355
25 0.9335 0.9335 0.9330 0.8957 0.9342 0.9330 0.9339 0.9337 0.9332
20 0.9310 0.9313 0.9310 0.9322 0.9325 0.9310 0.9261 0.9327 0.9312
15 0.9294 0.9327 0.9323 0.9333 0.9337 0.9324 0.9334 0.9340 0.9327
10 0.9282 0.9281 0.9276 0.9288 0.9289 0.9278 0.9282 0.9291 0.9280
Min 0.8769 0.9281 0.9276 0.8929 0.9289 0.9278 0.9115 0.9291 0.928
Max 0.9352 0.936 0.9354 0.9366 0.9371 0.9354 0.9355 0.9368 0.9355
Bold values indicate best MAE value.
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REi �
PM2.5,Obseved,i − PM2.5,Predicted,i

PM2.5,Obseved,i

. (17)

According to value REi, if the REi fall within the al-
lowable range, the Si is given 1; otherwise, it is given 0. (e
allowable range is ± 20%(0.2)

Based on a specialized technique known as RA, this
study evaluated the prediction accuracy of the applied
models. Table 5 shows the results of these metrics for every
model throughout the training and testing stages. In this
work, we select two data division combinations. (e first
combination involves 60% of the data points used for
training and 40% used for testing; however, in the second
combination, 55% of the data records are regarded as
training data, and the rest are used for validation (testing).
According to the obtained result, the ELM generally has a
superior performance to other models, achieving the
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Figure 9: Uncertainty at 95% for different splits and input lags during the testing phase.

Table 5: (e reliability analysis (RA%) results.

Train, test Model
RA%

Training Testing

60%, 40%
ELM 77.34 75.78
GBR 76.21 71.19

GMDHNN 58.123 55.16

55%, 45%
ELM 73.74 74.21
GBR 77.47 69.76

GMDHNN 59.123 52.98
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highest RA value in the training and testing phase. For
example, the ELM in the first combination obtains the
higher RA value of 77.34%, followed by GBRT of 76.21%,
and finally, the GMDHNN produces the lowest RA with
58.123%. As a result, both ELM and GBR models show a
satisfactory performance during the training stage than
GMDHNN models. Concerning the testing stage, the
results confirm that the ELM is the best model for esti-
mating PM2.5, having the highest RA value of 75.78%,
followed by GBR (71.19%) and GMDHNN (55.16%). (e
RA results proved that the ELM is more efficient in

estimating the hourly PM2.5 than other models. Besides,
the appraisal of the models with the help of RA also
revealed that the best combination is when the training
data records make up 60% of the dataset.

(e proposed models are also evaluated graphically
using the box plot, violin diagram, and Taylor diagram (see
Figures 10–12). According to Figure 10, the overall per-
formance of ELM shows more precise estimates of PM2.5
than the other models. Furthermore, median and
interquartile range (IQR) errors are reduced more than in
the GMDHNN and GBR models.
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Figure 10: Comparing the ELM models’ general performance over GMDHNN and GBR over the testing phase.
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Figure 11 represents the violin diagram that integrates a
boxplot and density plot to illustrate the data distribution
shape. (is figure is created for more visualization com-
parison using testing dataset for the best input combination
(training 60% and testing 40%). According to the violin
diagram, the ELM model can efficiently mimic the actual
data distribution and provide more agreement between the
actual and the predicted records. Although the GMDH −

NN model outcomes are similar to the actual data distri-
bution, it generates negative values that affect the model’s
performance. On the other hand, the GBR model performs
poorly in mimicking the actual data distribution and gen-
erates negative values. Figure 12 represents the Taylor

diagram, a polar plot created based on correlation coeffi-
cient, standard deviation, and root mean square error to
evaluate the models’ performance. According to Figure 12,
the ELM model can simulate PM2.5 closer to the actual one
compared to the other models.

Overall, the results obtained in this study prove that the
ELM model is more reliable in estimating the hourly PM2.5
as well as more flexible in resisting the changes in the data
features and length of training data.

Figure 13 gives valuable insight into the practical
implementations of the proposed approaches. In particular,
data such as PM2.5, PM10,CO, O3, SO2, andNO2, as well as
temperature, humidity, and air pressure, are extracted from
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Figure 11: Violin presentation shows the similarity between the actual and predicted PM2.5 for the proposed models during the testing
phase.
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Figure 12: Taylor diagram shows the performance of the proposed models during the testing phase.
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air pollution stations. Next, data are processed at cloud
servers using machine learning approaches. Finally, the
prediction results can be accessed through a software ap-
plication interface in real time. A complete implementation
example is shown in Figure 14, which shows City Air Quality
Management (CYAM) application from Siemens [77].
CYAM is an AI-based worldwide application that can be
used on multi-platforms and combines the latest air pol-
lution measurements, such as PM2.5, PM10, and NO2, with
the latest AI approach in order to predict the concentrations
of PM2.5 for the coming days. (e CYAM application can
predict the pollution for three days ahead with 90% of ac-
curacy and 80% for five days ahead.

4. Conclusion

(ree AI models, namely ELM, GMDHNN, and GBR, have
been used to predict the hourly PM2.5 concentrations over
Dorset station, located in Canada. (e case study covers the
period from 2001 to 2020.(e accurate estimations of hourly
air pollutants via AI models require a proper input data
feature and enough data records for model training. In this
study, three input combinations are used via partial auto-
correlation function (PACF), and nine data length scenarios
are used to validate the models to select the best model that
can efficiently adapt to the changes. (e finding of this study
can be illustrated as follows:

Air pollution Monitoring
station Cloud server So�ware application

Figure 13: Steps for the practical implementation of AI models in PM2.5 prediction.

Figure 14: (e interface of the CYAM application [77].
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(i) (e ELM model generally performs better in esti-
mating PM2.5 than the comparable models pro-
ducing fewer errors (MAE ≈ 0.9710 to 1.099;
RMSE ≈ 1.6088 to 1.8329).

(ii) (e flexibility of the ELM model in dealing with
changes in the size of training data and different
training conditions is significantly remarkable. (e
results showed that the ELM model demands fewer
input vectors when the testing data size ranges from
50% to 25% of entire data observations. However,
the model requires additional input features in
different cases, primarily when the training data
represent 80% to 90%.

(iii) All the used models except the ELM do not provide
a rational pattern consistent with the changes that
occur in the training process.

(iv) (e results of this study uncover that the optimal
training data, which can provide more accurate
estimates, represent 60% of the obtained records.

(is study recommends to

(i) Applying the proposed methodology to find the
optimal training and testing ratios for other series of
pollution like ozone, nitrogen dioxide, sulfur di-
oxide, and carbon monoxide

(ii) Using the feature selection method instead of PACF
and ACF to select the best inputs

(iii) Investigating using deep learningmodels (i.e., LSTM)
to predict the PM2.5 concentrations
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