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Abstract

Air quality data such as Particulate Matter PM2.5 collection near the ground is difficult, particularly in small
complex regions. This study aims to introduce a PM2.5 prediction algorithm based on measurements from
Unmanned Arial Vehicle (UAV)-based sensing system and validate the model at a specified low altitude.
Observations were applied around 1.6 km? area in University Putra Malaysia. This study uses an empirical
method via applying amassed records of PM2.5 and meteorological parameters fo produce a predictive
Geographically Weighted Regression (GWR) model. An accuracy value is computed from the probability
value given by the regression analysis model. To validate this approach, we have utilized training and testing
data. To evaluate and validate the suggested model, we applied the model to the training set. The obtained
result indicated that there is a good statistical correlation, and demonstrated that the characteristics obtained

by analysis are able to predict the concentration of PM2.5,

1. Introduction

Air quality data in the urban area such as fine
particle matter PM2.5 is of high importance to
control contamination of air and to preserve human
life (Zheng and Hsieh, 2013). Many recent
epidemiological types of researches have displayed
PM2.5 particles, which in populated areas are
emitted primarily from anthropogenic and biogenic
sources, are associated with various human health
effects (Meng et al., 2005, Guo et al., 2016, Pope III
et al., 2002, Hu et al, 2013 and Dockery et al.,
1993). Expanded  urbanization, industrial
development and more vehicular utilization in most
Asian countries, combined with trans-limit haze
contamination and dust spreading in the air have
added to the expansion of concentrations of PM in
the air (Tahir et al., 2013 and Mahmud, 2017).
Usually, air quality observations so, monitoring and
mapping are directed by costly monitoring stations
at fixed locations (Tian and Chen, 2010 and Sevusu,
2015). Which frequently fairly sparse and
irregularly set apart, so interpreting the statistics
from these monitoring stations can rarely display a
complete explanation of the regional air quality
(Tian and Chen, 2010). In Malaysia, they have
specific Guidelines intended for monitoring air
quality which depends on the Recommended
Malaysia Ambient Air Quality Guidelines

(RMAAQG) (Amir, 2007). Satellites are utilized to
estimate air contamination concentrations along
wide areas. However, they are inconvenient for an
application on a small scale ranges (Ende, 2016).
The meteorological impact on PM2.5 particle matter
concentrations was used to study the estimation of
PM2.5 concentration (Shith et al., 2017). Use of the
Unmanned-Aerial Vehicles UAVs is an evolving
tool to obtain different information. UAVs are
practical in all manners of environments of various
sizes on a moment monitoring (Hemmelder, 2016).
Different studies have used statistical methods to
evaluate air pollutants levels and some have relied
on mobile sensors (Alvear et al., 2015). Empirical
statistical models outcomes consider more
accurately distributions for retrieving of PM2.5
concentrations when compared with the different
models such as scaling factor models and physical
analysis models (Jiang et al., 2017). The underlying
concept of the Geographically Weighted Regression
(GWR) is that variables can be predicted anywhere
in the location given a dependent parameter and one
or more independent parameters that have been
recorded at sites whose position is known (Charlton
et al., 2009). GWR is defined as analyzing of spatial
variation relationships (Fotheringham et al., 2002).
A process of exploring spatial non-stationary by
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calibration of the multivariate regression models
that permits different correlations to occur at various
points in the space (Wankie, 2013 and LeSage,
2004). An alternate approach reflects GWR as an
econometric  misspecification  detecting  tool
(McMillen, 2004). Statistical analysis can be
conducted several runs of variable selection for
model building to clarify the correlation and
conclude outcomes (Mao et al., 2012). The analysis
of satellite data is a helpful tool for monitoring
PM2.5 levels particularly in areas where the ground
measurements are not available. Resultant
coefficient correlation R? between PM2.5 and
Moderate Resolution Imaging Spectroradiometer
(MODIS) Aerosol Optical Thickness (AOT)
increased from 0.52 to 0.62 when, hourly data of
particle matter concentrations were utilized instead
of daily mean data of PM2.5 concentrations, and the
regression equations which were estimated are
applicable to calculate PM2.5 levels (Gupta and
Christopher, 2008). Satellite remote sensing has a
strong potentiality extended to ground measurement
in local ambient Air Quality Parameters (AQPs)
monitoring. A positive correlation of 0.75 R’
concluded by MODIS-AOT and data of 24 hourly
mean PM2.5 levels in Kuala Lumpur. Through the
resultant map, the retrieved AOT distribution from
MODIS can have significant potentials to support
air quality monitoring by environmental agencies
(Youssef et al, 2016). Otherwise a study of
predicting PM2.5 concentrations introduced in San
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Francisco Bay Region using products of Aecrosol
Optical Depth (AOD), concluded that multiple
regression equations can assist monitoring of air
quality and decision making, but are not true with
R? value of 0.11, which mean that 11% of the
variance can be interpreted with regression equation
in spite of the results were comparable to a previous
study with same R’ (Jennings, 2013). Though a
variety of advanced models of PM2.5 prediction
have been made, maximum of studies were
restricted to certain cities or areas. In addition,
maximum of these studies have used lower
resolution AOD products in predicting PM2.5
levels. This generally used resolution of AQD
products is frequently so coarse and therefore
inadequate to define exposure estimations in urban
areas (Youssef et al,, 2016). A multivariate analysis
is applied in this study to calculate PM2.5
concentrations in a small-scale area in University
Putra Malaysia.

2. Methodology

2.1 Study Area Description

The study area is about 1.6 km? that lies between
101° 42’ 26" E to 101°43' 40" E longitude and 3°
00" 43" N to 2° 59" 46" N latitude in University
Putra Malaysia. Most of the measurements were
done in the Faculty of Engineering in University
Putra Malaysia which lies at the main Serdang
Campus, some 22 km south of Kuala Lumpur

(Figure 1).

v

rowN

e 81O 0 & Wi wber 3
L T S e e

‘,.l

-~y
o A eY

Figure 1; The location map of the study area
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This area was selected in this study for some
reasons; the availability and accessibility of the
location and different weather from other places in
addition to ease of using the instruments and data
acquisition.

2.2 Methodology Adopted for PM2.5 Estimation.
The main scheme of this study is expressed in
Figure 2.

2.3 In Situ Data Collection and UAV

In situ data measurements were collected from 80
points chosen randomly on the proposed horizontal
path along 3.12 km track around 1.6 km? area in
University Putra Malaysia during July. We used 80
points  involving Particle Matter (PM2.5),
Temperature of the air (T), Humidity (H), and the
‘Wind Speed (WS) records. In addition to 20 points
measured in August. A ground measurement of
(PM2.5, H, T) of points selected randomly in
engineering faculty UPM to perform the model.
Unmanned Aerial Vehicles outfitted with various
sensors have been presented to monitor the quality
of air, for instance, they can suggest new approaches

Data Collection

and research openings in air contamination and
monitoring (Barnard, 2006). The UAV properties
used in this research is Tarot 680PRO six axis of
folding vehicle TL68PO0 Hexacopter, is provided
by UPM Geospatial Information Research Centre
GISRC Laboratory. Figure 3 represents the UAV-
based PM2.5 monitoring in the study area.

2.4 Predicted Model

ArcGIS offers significant tools for inclusive, raster-
based spatial analysis {Ajaj et al., 2017). For model
prediction and data analysis, we used ArcGIS
(version 10.3) and its spatial statistics for cross-
validation and modeling spatial relationship and
spatial prediction of PM2.5 concentration using
(GWR). A multivariate linear regression technique
is the most frequently applied statistical method for
relating one or a sct of variable (more than one)
specified by the equation (Shareef et al., 2014,
Seber and Lee 2012 and Weisberg, 2005):

y=XB+e
Equation 1

GWR Prediction

PM 2.5
Targets

Parameter
Selection

I Construct Spatial Matrix ]

Temperature
& Humidity I
NS Y, [ GWR-based Prediction |
PM 2.6 Mapping
Study Area
{.=hp) \. | GWR-based
.| Prediction of
- | A Pm25atan |4 validation |4 Monitoring
the Pixel
Parameters I : Locations
Weights

Figure 2: Methodology adopted for PM2.5 estimation

Figure 3: UAV-based PM2.5 monitoring
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Where; y is a vector of response, X is the design
matrix of regression variables, g is the vector of the

parameters, and ¢ is the vector of the random error.
GWR is an extension of the global regression
model, and the comprehensive theory is presented in
the equation (Andersson, 2017):

¥i=Bo+Bixi+ &
Equation 2

Where y; dependent variable, x; independent
variable, B,; intercept, Bi; slope coefficients, and
£: error term, Based on the collected data by the
UAYV based PM2.5 monitoring system in July, we
performed GWR model to ecstimate the
concentrations of PM2.5 at all points. Depending on
the basic formula of GWR, equation (2). The
statistical analysis for model constructing was
conducted through three runs of variable selection.
The first case, the GWR was employed to analyze
the relationship between each independent variable
(except for temperature variable) and dependent
variable PM2.5. The second case, the GWR was
used to study the relationship between the
independent variable humidity and the dependent
variable PM2.5. The third case of variable selection
was the independent variable wind speed with the
dependent variable PM2.5 to construct the model.
Cause no correlation we excluded temperature
variable from the equation and model constructing.

After GWR analysis has been done, three
predictive models to calculated PM2.5 have been
constructed. The best models that we have obtained
based on July observations, represented in equations
(3, 4, and 5) respectively:

PM2.5ca1cutated = Bo — B * H+ Bz * Ws

Equation 3

PM2.5¢ca1culated = Bo — By * H
Equation 4

PM2.51culated = Bo + B2 * Ws
Equation 5
Based on  August observations, ground
measurements of PM2.5, T, and H parameters were

used to predict PM2.5 concentrations, the model
that we have obtained represented in equation (6):

PM2.5.;1cutatea = Bo — By * H

Equation 6

UAV-based PM 2.5 Monitoring for Small-Scale Urban Areas

Also, cause no correlation we excluded temperature
variable from the equation and model constructing.
We used two kinds of data as training and testing.
Training data were collected by PM2.5 monitoring
system on the ground in deferent positions. While
tested data collected by wusing Air Quality
Multimeter.

2.5 Validation of the Multivariate Predictive
Algorithm

Three frequently models were considered using the
GWR method based on the measured AQPs. Next,
we evaluated the validation (also called fitting) of
each station using the tested data. Measured AQPs
denotes the observations were taken from the
positions of points in the study area and, calculated
AQPs refers to the parameters predicted via
applying the model once substituting of tested data.
In order to get a strong validation, the validation
applied for 24 different stations have same
coordinates of measured values to find the
differences between calculated and measured
valies. The same fitting and validity process was
applied to the additional model where considered
using the GWR technique based on ground
measured AQPs (PM2.5 and H). In order to acquire
a strong validation, the validation applied to 7
different stations has same coordinates of measured
values to find the differences between calculated
values and the measured.

2.6 Validation by Fitting and Confidence Bound
Models

Data fitting technique includes mathematical
equations and nonparametric processes. A
polynomial model is a function that can be specified
by:

n

P(x)=co + 1%+ et €%
Equation 7

For some coefficients ¢ ,... ,C,. If¢, =0 then, the

polynomial is suggested to be of order n. The
confidence bounds for fitting coefficient specified
by:
C=bxtS
Equation §

Where: bis the coefficient created by the
fit, t dependence on the level of confidence, and is
calculated using the inverse oft accumulative
distribution function, and S is the diagonal elements
vector from the expected covariance matrix.
Simultaneously prediction bounds for the predictors
value and the function are specified by:



Equation 9

Where, fis related to confidence level and is

computed using the inverse of the F cumulative
distribution function (Shareef et al., 2014).

3. Result and Discussion

3.1 Generation of the Multivariate Predictive
Algorithm.

The results of the best models that we have achieved
denoted in the equations (10, 11, 12 and, 13)
respectively and as follows:

PM2.5 a1cutateq = 63.67 — 0.52 « H + 2.48 « Ws
Equation 10
PM2.5 .1culated = 57.645 — 0.167 +H

Equation 11
PMZ-Scalculated = 44250 + 3.457 « Ws

Equation 12
PM2.5 a1culated = 78.978 — 0.596 * H
Equation 13

Where PM2.5 (ug/m*) represents the particulate
matter concentration at each point, H (%)
represents the relative humidity and WS(m/sec)
represents the wind speed. Table 1 shows the
descriptive statistics created by the GWR tool
From the report created by the GWR tool, we can
obtain the local R? and the local R? Adjusted (the
adjusted R?).

The local R? values for July are 0.41, 0.51 and
0.65, respectively. The local R? values for August
is 0.73. The values for the two months are denoted
that the overall performance of the model
relatively good in each model. From this view
confirms previous findings relationship within
parameters in the study area, that show including
meteorological parameters, such as WS, H would
Contribute the PM2.5 estimation  but,
meteorological data alone is more useful for
estimating PM2.5. Using only PM2.5 and WS or
only PM2.5 and H, preamble height accounted for
the models' ability to estimate PM2.5 and therefore,
WS height should be included when utilizing to
estimate PM2.5 concentrations. H was the next most
important independent variable, then followed by
the other variable(T). In case 1, equation (10) and,
due to the existence of points outside the boundary
condition made the model strongly discriminate
among used points. Though, these points effect if
have different values compared with other points
values (Shareef et al., 2014). For this reason, we
noticed that if we omit undesirable points it will
increase the R? from 0.41 to 0.50, this result
obtained after neglecting five points. The values of
the predicted PMZ2.5 concentration in July and
August can be mapped; these are shown in Figure
4,

3.2 Validating of the Predictive Algorithm

Two processes of validation have been done to
evaluate the strength of equations. Validation of
training and testing points. Figure 5 shows the
scatterplot of GWR model validation with training
and with testing regions. Table 2 shows all GWR
models with different variable combinations and
validation results in this study.

Table 1: Descriptive statistics created by the GWR tool based on July and August measurements

July August
D VARNAME VARIABLE VARIABLE VARIABLE VARIABLE
1 Bandwidth 0.011 0.006 0.001 0.002
2 Residual Squares 484,312 402.091 287.760 234.349
3 Effective Number 4,115 4331 24.072 5.117
4 Sigma 2.526 2305 2268 3.968
5 AICc 381.013 365.720 385.789 120.710
6 R? 0415 0.514 0.652 0.730
7 R2Adjusted 0.391 0.493 0.509 0.655
8 Dependent Field PM2.5 PM2.5 PM2.5 PM2.5
9 Explanatory Field1 H H WS H
10 Explanatory Field2 wSs - - -
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Figure 4: Predicted PM2.5 concentrations of the GWR model based on H&WS July and August 2017

Table 2: The list of GWR models with the variable combinations and validation result

. R? (July) R? (August)
Predicted . T T T P
sl variables | Validation Validation Validation Validation

with training | with testing | with training with testing
PM2.5 H, WS 0.415 0.820 - -
PM2.5 H 0.514 0.919 0.730 0.946
PM2.5 WS 0.652 0.934 - -

Validation with training points has been done to
evaluate the accuracy of all predictive algorithms.
This validation uses the polynomial linear fitting to
calculate PM 2.5 concentrations using predictive
models and comparing them with measured (trained
data) of AQPs. Validating of predictive algorithms
applied again with a testing region. 30% of training
points measured again as tested AQPs. These points
also selected randomly. This validation also uses the
polynomial linear fitting to calculate the AQPs, but
using predictive models and comparing them with
measured (tested data) of AQPs. All estimated
parameters using this data appeared a good
agreement with ground parameters.

UAV-based PM 2.5 Monitoring for Small-Scale Urban Areas

4. Conclusion

There is an urgent necessity to know about the
changing levels of air contamination in cities
because of their significant impact on the health and
to take the precautionary measures. For achieving
this, attempts were made to develop a model that is
useful for obtaining air quality information. This
study aims to introduce a predictive model of PM2.5
concentration and validate the model at low
altitudes. A GWR equation is introduced to predict
PM2.5 from metrological parameters (T, H, and
WE). Based on the study results, the performance of
GWR model specified that the model was relatively
accurate in predicting PM2.5 levels.
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Figure 5: Scatterplots of GWR model validation with training and testing regions July and August 2017

But relating to the R? values which were set as
(0.41,0.51 and, 0.65) respectively for July and 0.73
for August, indicated that the meteorological
parameters; WS and H would contribute PM2.5
predicting but, meteorological data alone is more
convenient for estimating PM2.5 in the study area.
Therefore, WS highly should be included when
utilizing to predict PM2.5 levels. H was the next
most important independent variable, then followed
by the variable (T). Additionally, we concluded a
good statistical correlation among the measured and
testing data by wvalidation with testing points.
Resultant R? values are (0.82, 0.91 and, 0.93) of
July and, (0.94) R? value of August 2017,
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