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Abstract- Air pollution is a growing concern in urban areas, including Port Harcourt City, Nigeria. Air
quality index (AQI) is a numerical scale that is used for accessing and analyzing day to day air quality
pattern of any place. It is projected to express the probable severity of the adverse health impacts on living
organisms, most especially humans. It is however particulate matters (PM) that pose the greatest risks human
health and the immediate environment. In this dissertation, a Random Forest Regressor model was used to
forecast Air Quality Index. The data of the average diurnal values of PM10 and PM2.5 from Rivers State
Ministry of Environment, Port Harcourt City over a long period (2017 to 2022) was evaluated. Additional
meteorological and environmental variables, such as temperature, humidity, wind speed, and precipitation,
were also collected as features for the prediction model. Data preprocessing techniques (MinMax Scaler)
were applied to ensure data quality and consistency. The Random Forest Regressor was trained using 80% of
the dataset, and the remaining 20% was used for validation. The model was evaluated using mean squared
error (MSE), root mean squared error (RMSE), mean absolute error (MAE), and R-squared (R"2). The
results obtained showed that the Random Forest Regressor performed well in forecasting Air Quality Index
with a high R”2 value of 97% and low errors (MSE: 5.2, RMSE: 7.25, MAE: 3.54). The Air Quality Index
outcome shows that PM10 and PM2.5 across Port Harcourt metropolis are observed to be more noticeable
during the periods of dawn than the afternoon. The Air Quality Index results reveals areas with Hazardous,
moderate, good, bad and very good air quality.

Keywords— Air Quality Index, Air particulate Matters, Random Forest Model, Forecast, Air Pollution

1. Introduction
In a consultation of the 2016 annual report on soot in which the Ministry of Environment,
stated that two sites were sampled on the 23" of December, 2016 for a preliminary
investigation and the results were not ready at the end of 2016. Precisely from the 11™ of
November 2017, residents of Port Harcourt and its environment (particularly Woji, Trans
Amadi, lwofe, Port Harcourt Township) through letters, phone calls, text messages, and radio
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talk shows, complained to the ministry on the re-intensification of black soot noticed on the
floors, cars, rooftops, etc.

The pollution of the quality of air occurs when toxic substances or chemicals (known as
pollutants or contaminants) are released into the atmosphere in concentration, intensity, and
duration that poses danger to man and the environment (Bhagat, 2016; Yorkor 2021). When
the environment is exposed to deleterious substances such as Particulate Matter (PM), it can
become polluted or contaminated, thus having harmful effects on man and other organisms.
Pollution in the atmosphere has become a global problem, especially in the world's most
populous cities. According to the World Health Organization [WHO] (2000), exposure to
high levels of particulate matter in ambient air causes around 4% to 8% of early deaths.
Particulate matter is also a major source of air pollution in developing countries, placing a lot
of pressure on scientists to figure out what generates it (Terrouche, 2015). The principal
cause of air pollution in metropolitan areas has been identified as the circulation of
combustion-engine vehicles such as commercial autos and heavy-duty trucks. The emission
factors differ based on the type of vehicle, the type of gasoline used, and the vehicle's
condition (Oucher, 2010).

The presence of particulate matter in the air can be due to natural and anthropogenic sources;
natural sources include volcanoes, forest fires, and grassland fires; while anthropogenic
sources include the burning of fossil fuels and biomass material, use of transport systems, and
several industrial processes (Popescu & lonel, 2010). Most studies have reported the major
sources of particulate matter to be vehicular and industrial emissions (Suvarapu et al., 2007).
The petroleum industry constitutes a major source of air pollution in the Niger Delta. Within
this industry, production operations, such as oil and condensate spills, gas flaring and venting,
as well as transportation, constitute the main sources of air pollutants. Other sources include
power plants, and heavy industry equipment, including boilers, burners, coolants, and
separators. Industries such as foundries, chemicals and solvents, automobiles, construction,
and agriculture also contribute to air quality impairment in the Niger Delta (Ana et al., 2010).
In 2016, black soot was first observed in Port Harcourt and its environs and has become an
environmental issue for residents of the City, State, and Country (Odogwu, 2017). The
growing appearance of soot in the air environment of Rivers State, particularly in Port
Harcourt city has been attributed to the activities of illegal refining around the City (Giadom,
2018; Yorkor et al., 2021).

2. Related Works
Ukaegbu et al., (2020) investigated the geographical and temporal distribution of air
pollutants in the metropolitan area of Port Harcourt. Based on high industrial clusters, high
vehicular traffic, and increasing human population size, nine areas were purposely sampled
within two peak periods (8 am and 4 pm). The authors made use of a handheld analyser in
taking records and analyzing the quality of air particulate matter in Port Harcourt. Their
experimental results show good air quality parameters that are above World Health
Organization Standard. This work is limited to the monitoring of the air quality, and no future
prediction of air quality can be done using their technique.
Christopher et al., (2019) analyse a variety of aspects of particulate matter, such as its
seasonal variation, particulate matter-based AQI, and particulate matter exceedances. The
authors made use of empirical modelling for the seasonal prediction of PM,s and PMyg
concentrations in the Woji Area of Port Harcourt. The empirical model used by the author is
Logistic Regression. The logistic regression was trained on the data generated. The Logistic
Regression Model was used in predicting the air particulate matter at different seasons. The
result of the Logistic Regression Model shows that the air quality of Woji Port Harcourt was
better in the wet season than in the dry season due to the scavenging mechanism of rainfall.
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Also, PM exceedances were higher in the dry season than in the wet season due to the high
atmospheric stability associated with low wind speed in the dry season. This study is limited
to accurate prediction of Logistic Regression Model on Wet Seasons. The model’s prediction
during dry season isn’t efficient enough.

During the period of May 20th to May 28th, 2020, Kanee et al., (2020) propose a descriptive
cross-sectional survey was conducted in Port Harcourt with the purpose of measuring the
people's knowledge and perception of air pollution and their breathing experience.
Convenience, along with a non-randomized, purposeful approach. The 358 participants were
recruited through various types of sampling. Using an analysis based on descriptive data and
the chi-square test. The vast majority of respondents (74 percent) were either extremely
aware or aware of the dangers posed by air pollution to human health repercussions. This
differed significantly depending on gender, age, marital status, occupation, and location (p.01
for each of these factors), 0.05) before the city went into lockdown, 90.1% of those who
responded had already had particulate matter land on While the lockdown is in effect, the
percentage drops to 54.1% with a significant difference (p 0.05) between the residential areas.
So, things like age, gender, marital status, job, and where someone lives are likely to make a
difference. Greater awareness of air pollution rather than the length of their stay.

To determine good quality air, Peace et al. (2020) utilised a Testo 350XL Gas Analyzer with
NOx and CO detectors and a 5 in-1 multi-function laser sensor BRV8 with PM and PM; 5
detectors were used. The data collected in the field were transformed into AQI values. The
locations of the samples were determined with the assistance of the Global Positioning
System (GPS). According to the findings, Carbon Oxide (CO), which accounted for 32.7 per
cent of the total threat to life, posed the highest danger, while PM2.5, which accounted for
15%, posed the least concern. The limitation of this study is that their proposed solution (the
technique used) cannot be used to determine good quality air in the evening.

Edokpa, & Ede (2019) developed an air quality index with the help of data collected
throughout that period regarding the state of the air (AQI). The Air Quality Index (AQI)
indicates how comparatively clean or polluted the surrounding air is, as well as the associated
health impacts that may be cause for concern for sensitive receptors. Using the Oak Ridge
National Air Quality Index model, the authors analysed the results of the air quality index
(AQI) for airborne particulates, specifically PM,sand PMyg, at sampled locations within and
around Port Harcourt during periods of intense soot emissions at the beginning of 2017.
These locations included both inside and outside of the city. The AQI readings at the Woji,
Diobu and Eleme research locations ranged from "moderate™ to "severe."

The review study by (Sokhi et al., 2022), offered a community viewpoint on air quality
studies, concentrating on recent advancements over the preceding decade. The article
discusses present and future challenges and research needs for key field areas. They
acknowledge that their study is not a thorough assessment of air quality research, but they
chose crucial themes from research and policy perspectives. After providing a brief history of
air quality research, their study review focuses on advances in characterizing air pollution
sources and emissions, new air quality observations and instrumentation, air quality
prediction and forecasting, understanding air quality-meteorology-climate relationships,
exposure and health assessment, and air quality management and policy. In the review, the
authors stated that their goals were to address contemporary discoveries that push the
boundaries of air quality research, highlight developing knowledge gaps, and give
recommendations to guide future research in the community.

Asif et al. (2018) found that mining air quality is a significant health and environmental
hazard, and controlling it is challenging due to a lack of understanding of meteorological
factors and physical removal procedures. The Mining Air Dispersion Model (MADM)
predicts air pollution in mining sites, considering deposition, eddy diffusivity, and planet
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boundary conditions. The model predicts receptor locations nationally for PM10, PM2.5, TSP,
NO2, and six heavy metals. The model finds neutral stability at the research site, with
summer evening mixing heights at 1280 m and winter evening mixing heights at 380 m. The
MADM model outperforms CALPUFF for air pollutants when statistically tested. The study
highlights the importance of understanding meteorological factors and physical removal
procedures in addressing mining air quality.

Babu et al. (2022) propose a cost-effective air quality modeling framework using big data
analytics to address climate change challenges in urban areas. The framework incorporates
artificial intelligence methods, including deep learning-based vegetation detection using
aerial images. The pilot study in Cambridge investigated various predictive models, including
statistical, machine learning, and deep recurrent neural network models. The research aims to
broaden air quality modeling and prediction to other domains, such as vegetation, green space
planning, and green traffic routing, for sustainable urban cities.

In another study that was conducted by Holnickui & Nahorski (2015), the authors showed
how emission uncertainty of air pollutants that are generated by the industry, traffic, and the
municipal sector correlates to the concentrations measured at receptor points in the Warsaw
metropolitan area of Poland. This study ascertained the transportation system as the primary
source of adverse environmental impact in the metropolitan. Several types of urban
atmospheric pollutants including PMy, PM2 5, NOy, SO,, and Pb were included in their study
and were, however, analyzed using the Monte Carlo technique to identify the key uncertainty
factors.

Liu et al. (2022) found that fast economic growth and high-intensity pollution emissions
contribute to air quality decline. They developed an air quality prediction model for
Zhangdian District using industrial waste gas daily emissions and meteorological factors. The
model's performance was compared with backpropagation techniques, decision trees, and
LSSVM functions. The authors found that reducing industrial waste gas emissions from
6048.5 million cubic meters to 5687.5 million cubic meters can maintain good air quality.
The study explores the dynamic relationship between waste gas emissions, meteorological
factors, and air quality, promoting in-depth optimization of industrial organizations'
procedures and reducing the conflict between environmental protection and economic
development.

Ma et al. (2020) propose a multivariate analysis on a national scale to study the most
important factors of air quality. They collected and analyzed 171 features, including
environmental, demographical, economic, meteorological, and energy factors. They used a
non-linear machine learning algorithm called Extreme Gradient Boosting (XGBoost) to
model the relationship and measure variable importance. The authors used a geographical
Information System (GIS) to preprocess and visualize the results. The experimental results in
the U.S. show that the proposed methodology framework can identify the most significant
factors affecting air quality. The researchers propose practical suggestions to control and
prevent air pollution.

3. Design Methodology
The architectural design shows a process-by-process interaction of components of the
pollution monitoring system. It also shows how these components can be used in building a
robust system to make future forecasts. The architectural design can be seen in Figure 1.
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Figure 1: Architectural Design of the System

Data Collection: The data used here was collected from the Rivers State Ministry of
Environment. The dataset comprise of particulate matters PM, s and PMy, starting from the
year 2017 to 2022. The covered area of the dataset are Woji area, Trans Amadi, and Akpajo.

Data Preparation Module: In this module, the cleaning and the pre-processing of the data
is carried out. Here, the data pre-processing that will be carried out has to do with the
checking and removal of Nan values, and data scaling. Data scaling is an important pre-
processing step when working with both machine learning and. Data scaling can be achieved
by normalizing or standardizing real-valued input and output variables. The mathematical
representation can be seen as follows:

X— Xmmz’mum
Xnormalized = x ( ) (1)

meaximam. _an"n i, )

Where:

Xis the air pollution data

Xormatizea 1S the normalized data

Xninimum 1S the minimum value of each individual feature/column in dataset
Xonaximum 1S the minimum value of each individual feature/column in dataset.

Air Quality Evaluation: This module is used in evaluating the quality of the air, if it is good,
moderate, unhealthy, or hazardous. For instance, an AQIl of 100 indicates that the
concentration of pollutants in the air is above the standard, making it unhealthy for some
groups of people and eventually everyone. In this investigation, we used PM,s and PMy
concentration data to determine the AQI. Using the EPA's standard formula presented in the
equation, an AQI was calculated (3.2). The thresholds for PM,s and PMy AQI are listed in
Table 2.
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Table 1: Breakpoints for PM,sand PM3; AQI (MOE, Rivers State)

PM,s (ng/m®) PMyo (ug/m®)  Index AQI Category
values
0.0-12.0 0-54 0-50 Good
12.1-35.4 55-154 51-100 Moderate
35.5-55.4 155-254 101-150 Unhealthy for Sensitive
Groups
55.5-150.4 255-354 151-200 Unhealthy
150.5-250.4 355-424 210-300 Very Unhealthy
250.5-350.4 425-504 301-400 Hazardous
350.5- 500.4 505-604 401-500 Hazardous

Source: USEPA, 2014

Random Forest Regressor: The idea behind the Random Forest Regression algorithm is that
to find the output from the training dataset, it uses multiple decision trees. The steps involved
in the implementation of the algorithm are given below:

Randomly select “k” features from total “m” features.

Where k <<m

Among the “k” features, calculate the node “d” using the best split point.

Split the node into daughter nodes using the best split.

Repeat 1 to 3 steps until “I” number of nodes has been reached.

Build Random Forest model by repeating steps 1 to 4 for “n” number times to
create “n” number of trees.

agrwNpEE

Algorithm: Random Forest for the prediction of Particulate Matter

Precondition: A training set S := (X1,Y1),...,(Xn,Yn), features F, and number of trees in forest B.

1 function RandomForest(S, F)
2H<—0Q
3 foriel,.., Bdo

s® « A bootstrap sample from S
h; «— RandomizedTreeLearn(S”, F)
H <« H u{hi}
end for
return H
end function
10function RandomizedTreeLearn(S, F) 11 At each node:
12 f « very small subset of F
13 Split on best feature in f
14 return The learned tree
15 end function

I

© 00 N O Ol

The algorithm works as follows: for each tree in the forest, a bootstrap sample from S where
S (i) denotes the i bootstrap is selected. a decision tree is learned using a modified decision-
tree learning algorithm. The algorithm is modified as follows: at each node of the tree,
instead of examining all possible feature-splits, we randomly select some subset of the
features f € F. where F is the set of features. The node then splits on the best feature in f
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rather than F. In practice, f is much, much smaller than F. Deciding on which feature to split
is oftentimes the most computationally expensive aspect of decision tree learning. A
mathematical representation on how Random Forest Works can be seen in Table 3

Table 2: Mathematical Representation of Random Forest Model

Impurity Task Formula Description

Gini Impurity Classifications c f; is the frequency of label | at a node
lelfi(l —f) and C is the number of unique labels

Entropy Classifications c f; is the frequency of label I at a node
lel_fi log(f) and C is the number of unique labels

Square Error

number of instances and p is the mean

Variance/Mean  Regressions 1N c % y; Is the label for an instance, N is the
N E Yi— H
NZui—g

Absolute Error

number of instances and p is the mean

Variance/Mean  Regressions 1 ZN | | y; is the label for an instance, N is the
5 Vi~ H
N£L

4. Results

An experiment was conducted, and the experimental results can be divided into the following
sub-sections.

4.1 Statistical Analysis: Statistical analysis was conducted using Augmented Dickey-Fuller
Test (ADF), and correlation matrix. The ADF was used in checking the significance of each
of the columns in the dataset. The check was done so as to know which of the variables is
significantly important. The result of the statistical Analysis using the ADF can be seen in
Table 4. A correlation matrix was used in checking the possible relationship between all
variables (columns) on the dataset. The correlation matrix can be seen in Figure 2. A
temporal analysis was also carried out to see the variation of the particulate matter (pm,sand
pmyo) concerning wind, rainfall, relative humidity, and temperature. The result of the
temporal variation can be seen in Figures 3, 4, 5, 6, and 7.

Table 3: Result of Augmented Dickey Fuller Test (ADF)
=T date == === =
ADF Statistic: 11.726588
p-value: 1.000000
non-stationary
=== === == Wd === -_-===
ADF Statistic: -27.055483
p-value: 0.000000
Stationary

ADF Statistic: -9.634404

p-value: 0.000000

Stationary

sl ——————— temp i —(———————
ADF Statistic: -6.401655

p-value: 0.000000

Stationary

ADF Statistic: -4.405308
p-value: 0.000290
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Stationary

ADF Statistic: -51.950873

p-value: 0.000000

Stationary

T ——CT pm25= == ==
ADF Statistic: -6.517188

p-value: 0.000000

Stationary

ADF Statistic: -7.330264
p-value: 0.000000
Stationary

p-value: 0.005640
Stationary

Correlation of PM & Meterological Parameters
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Figure 2: Correlation Matrix
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Figure 3: Temporal Variation of the Effect of Wind Direction on pm;s, and pmyg
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Figure 4: Temporal Variation of the effect of Wind Speed on pm;s, and pmyg
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Figure 5: Temporal Variation of the Effect of Temperature on pm,s, and pmsg
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Figure 6 Temporal Variation of the Effect of Relative Humidity on pm;s, and pmjyg
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Figure 7: Temporal Variation of the Effect of Rainfall on pm,s, and pmjg

1) 4.2 Data Preparation for Model Training
The dataset used here was divided into 80% for training and 20% for testing. 80% of the data
was used for training the machine learning models and 20% was used for testing. The training
of the models was done using Random Forest Model. The random forest model was trained
for making forecasts for both particulate matter pmsoand particulate matter pm2.5. The result
of the random forest model of the particulate matter PM;o and PM, 5 can be seen in Figures 8,
9, Table 4. and 5.
Evaluation of Model Performance on Test Data

500

MSE RMSE MAE
Evaluating Criteria

Figure 8: Evaluation Performance of Random Forest Model with Pm;g as the Target
Variable

R2 Square

Table 4: The Forecasted result of the Random Forest Model on Particulate Matter pm;,

on s
1 80
2 41
3 62
4 56

Predicted
PM10

77.234084

42.137150

61.364343

65.413926

Difference

2.765916

-1.137150

0.635657

-9.413926

Weather
Condition

Moderate

Good

Moderate

Moderate
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S/N

Actual
PM10

79

54

Predicted
PM10

81.189385

56.510512

Difference

-2.189385

-2.510512

Weather
Condition

Moderate

Moderate

Evaluation of Model Performance on Test Data

3

Scorec(%)
8

]

MSE

RMSE

MAE

Evaluating Criteria

Figure 9: Evaluation Performance of Random Forest Model with PM2.5 as the Target
Variable

R2 Square

Table 5: The Forecasted result of the Random Forest Model on Particulate Matter

PM2.5

Actual Predicted Difference Weatht_er

PM25 PM25 Condition
825 20 21.790266 -1.790266 Moderate
1705 10 11.600958 -1.600958 Good
4134 16 17.061849 -1.061849 Moderate
3537 14 11919342 2.080658  Good
3556 21 21.065268 -0.065268 Moderate
2060 13 13.312934 -0.312934 Moderate
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Figure 10: Future Forecast of the Random Forest Model

4.3 Daily and Weekly Forecast with Random Forest Model
This session discusses the daily and weekly forecast of the air quality index using the random
forest model. The result of the Random Forest model can be seen in Figures 11. The y-axis
represents the value of the particulate matters, and the x-axis represents the years. The figure
shows an increase the values of the particulate matters as the year increase. This tells that
there’s an increase to values of the particulate matters.
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trend
3
o

2018-05 2018-07 2018-09 2018-11 201901 201%-03 2019-05 2019-07 2019-09 2019-11
ds
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-5
-10
-15
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=
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—40

00:00:00 03:25:42 06:51:25 10:17.08 134251 17.08:34 20:34:17 00:00:00
ds

Figure 11: Model trend, Weekly and Daily Forecast

5. Discussion of Results
The architectural design can be seen in Figure 1. Figure 2 shows the correlation matrix of the
dataset. The correlation matrix shows the relationship between the variables of the dataset.
The correlation matrix is used to show if there exists any relationship between the variables
of the dataset. Figure 3, 4, 5, 6 and 7 shows the temporal changes of PMi, and PM, 5 with
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respect to wind direction, wind speed, temperature, relative humidity, and rainfall. This
shows that the result/values of the particulate matter (PMyo, and PM,s) can be affected
slightly by wind, temperature, relative humidity, and rainfall. Further calculation of the daily
values of the variables in the dataset was also carried out. Table 4 and 5 shows the forecast
values of the particulate matter (PMio, and PM;s) and their air quality index. The evaluation
was done using R"2 square, mean absolute error, mean square error, and relative mean square
error. The result of the Random Forest Model shows that the model followed the trend of
making a forecast of the air, Air Quality Index (PMjg) with an R"2 square of 94%, mean
square error of 538, Root Mean Square of 23, and mean absolute error of 14.

Figure 10 shows the result of the future forecast of the random forest model. This shows the
future forecast made by the Random Forest model for Air Quality Index. The result shows the
values of the particulate matter starting from May 2018 to November 2019. Figure 11 shows
the daily and weekly trend of the Random Forest Model. This shows the daily forecast, and
weekly forecast made by the random forest model of the particulate matter.

Figure 11: Model trend, Weekly and Daily Forecast, this shows the daily forecast, weekly
forecast made by the random forest model of the particulate matter. From the graphs, when it
is at point O, it means the value of the Particulate Matters are good, when it rises from 200-
800, it signifies threat to human health, but on negative values, it does not have effect on
humans, because the cases are rare. It barely occurs.

6. CONCLUSION AND FUTURE WORK

This paper presents a model for forecasting the air quality index in Port Harcourt using a
Random Forest Regressor model. The data of the average diurnal values of PM10 and PM2.5
from Rivers State Ministry of Environment, Port Harcourt City over a long period (2017 to
2018) was evaluated. The Random Forest Regressor was trained using 80% of the dataset,
and the remaining 20% was used for validation the results obtained showed that the Random
Forest Regressor performed well in forecasting Air Quality Index with a high R*2 value of
97% and low errors (MSE: 5.2, RMSE: 7.25, MAE: 3.54).

The work can further be improved by the Environmental monitoring teams in Rivers State
and also Industries such as oil companies.
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