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A B S T R A C T   

Accurate monitoring of air quality can reduce its adverse impact on earth. Ground-level sensors can provide fine 
particulate matter (PM2.5) concentrations and ground images. But, such sensors have limited spatial coverage 
and require deployment cost. PM2.5 can be estimated from satellite-retrieved Aerosol Optical Depth (AOD) too. 
However, AOD is subject to uncertainties associated with its retrieval algorithms and constrain the spatial res-
olution of estimated PM2.5. AOD is not retrievable under cloudy weather as well. In contrast, satellite images 
provide continuous spatial coverage with no separate deployment cost. Accuracy of monitoring from such sat-
ellite images is hindered due to uncertainties of sensor data of relevant enviromental parameters, such as, 
relative humidity, temperature, wind speed and wind direction. Belief Rule Based Expert System (BRBES) is an 
efficient algorithm to address these uncertainties. Convolutional Neural Network (CNN) is suitable for image 
analytics. Hence, we propose a novel model by integrating CNN with BRBES to monitor air quality from satellite 
images with improved accuracy. We customized CNN and optimized BRBES to increase monitoring accuracy 
further. An obscure image has been differentiated between polluted air and cloud in our model. Valid envi-
ronmental data (temperature, wind speed and wind direction) have been adopted to further strengthen the 
monitoring performance of our proposed model. Three-year observation data (satellite images and environ-
mental parameters) from 2014 to 2016 of Shanghai have been employed to analyze and design our proposed 
model. The results conclude that the accuracy of our model to monitor PM2.5 of Shanghai is higher than only 
CNN and other conventional Machine Learning methods. Real-time validation of our model on near real-time 
satellite images of April-2021 of Shanghai shows average difference between our calculated PM2.5 concentra-
tions and the actual one within ± 5.51.   

1. Introduction 

Air pollution, a critical environmental problem, is under increasing 
global focus (Li, Xie, Ren, Guo, Yang, & Xu, 2020). Presently, air 
pollution is the fourth most severe factor to cause human health casu-
alties (Chillrud, 2016). It triggers annual loss of around US$ 5 trillion on 
global economy. Rapid industrialization and urbanization are respon-
sible for rising air pollution across the world (Xiong et al., 2021). Public 
health and environment are being affected by adverse impact of air 
pollution. Hence, accurate monitoring of air quality is significant to 
protect human lives and nature (Wang, Zhang, Guo, & Lu, 2017). Major 
air pollutants include PM2.5, PM10, CO and O3 (Al-Janabi, Alkaim, Al- 
Janabi, Aljeboree, & Mustafa, 2021). PM2.5 (Particulate Matter with 

diameter<2.5 µm) contains a lot of toxic substances and travels a long 
distance in the atmosphere. It has low air visibility and affects public 
health severely (Li, Xie, Ren, Guo, Yang, & Xu, 2020; Liu, Weng, Li, & 
Cribb, 2019). Therefore, we consider PM2.5 concentrations in this 
research to assess air quality in terms of Air Quality Index (AQI). U.S. 
Environmental Protection Agency (EPA) has developed this AQI with 
respect to six major air pollutants (Mintz, 2006). It offers six categories 
based on concentration level of concerned air pollutant. 

Greenhouse gases emitted by China are more than the entire devel-
oped world (Larsen et al., 2021). In 2019 alone, China emitted over 27% 
of the world’s greenhouse gases, which is the highest among all coun-
tries of the world. Shanghai, situated in the Yangtze River Delta and west 
to the East China Sea, is a leading city of China in terms of economic 
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development (Wang, Wang, Li, Lu, Peng, Zhao, & Pan, 2020). Industrial 
and vehicular emissions strongly contribute to the PM2.5 pollution in 
urban areas of Shanghai (Wang, Li, Chen, Huang, Huang, Feng, & 
Wumaer, 2014). Hence, it is reasonable to select Shanghai as the study 
area to observe local PM2.5 -related air pollution. 

Ground-level sensors, which provide PM2.5 concentrations, are set in 
Air Quality Monitoring (AQM) stations. However, spatial coverage of 
PM2.5 sensor data is limited due to sparseness of AQM stations (Liu et al., 
2019; Zheng, Bergin, Hu, Miller, & Carlson, 2020). Also, these PM2.5 
sensors are subject to extra cost for deployment, operation and main-
tenance. Lack of battery power, computational and memory limitation, 
insufficient bandwidth, cyber attack and harsh weather cause such 
sensors to generate missing, duplicate or wrong data, leading to un-
certainties (Hossain, Zander, Kamal, & Chowdhury, 2015; Islam et al., 
2016). Images taken by a camera sensor can become obscure due to 
snowfall or scratches on its glass (Kabir, Islam, Hossain, & Andersson, 
2020). These camera sensors are expensive to deploy and cover only a 
little area. Moreover, satellite-based remote sensing methods can esti-
mate ground-level PM2.5 concentrations (Xiong et al., 2021). Geosta-
tionary satellites offer broader spatial coverage than ground sensors, and 
higher temporal resolution than polar orbiting satellites. However, such 
remote sensing models can be employed under cloud free conditions 
only (She, Choi, Belle, Xiao, Bi, Huang, & Liu, 2020). Sensors aboard a 
satellite, be it geostationary or polar orbiting, cannot directly measure 
ground-level PM2.5 concentrations (Lin, Li, Yuan, Lau, Li, & Fung, 2015). 
Most of these satellite-based monitoring methods rely on Aerosol Optical 
Depth (AOD) for PM2.5 estimations (Wang, Chen, Xin, & Wang, 2020). 
AOD is a dimensionless number which indicates the extinction of direct 
solar radiance caused by aerosol product in a vertical atmospheric col-
umn (Zheng et al., 2020). However, these AOD values are inferred 
during cloud-free time only. Satellite is unable to observe pollution 
below the cloud, leading to unavailability of AOD. Moreover, AOD 
values are not retrievable over bright snow/ice surfaces (Christopher, & 
Gupta, 2010). Anthropogenic factors, such as, industrialization and ur-
banization as well as meteorological factors, such as, wind speed, tem-
perature, Relative Humidity (RH) and precipitation affect this AOD (He, 
Wang, Huang, Wei, Zhou, & Zhong, 2020). Moreover, AOD based PM2.5 
estimations suffer from various uncertainties caused by several as-
sumptions made in the AOD retrieval algorithms (Wang, Chen, Li, Wang, 
Yu, Si, & Zhang, 2017). Such assumptions include cloud screening sys-
tem, choice of aerosol type, vertical distribution of aerosols and surface 
reflectance setting (Li, Zhao, Kahn, Mishchenko, Remer, Lee, & Maring, 
2009; Hsu, Jeong, Bettenhausen, Sayer, Hansell, Seftor, & Tsay, 2013;). 
Spatial resolution of AOD is mostly 1 km or coarser. Hence, spatial 
resolution of estimated PM2.5 is also 1 km or coarser. As a result, AOD 
based approach cannot provide spatially-resolved PM2.5. Zou, Pu, Bilal, 
Weng, Zhai, & Nichol (2016) has predicted spatial distribution of PM2.5 
based on AOD with Geographically Weighted Regression (GWR) and 
Ordinary Least Squares (OLS) model. GWR has turned out to be more 
accurate than OLS to distinguish the spatial pattern of PM2.5 concen-
tration levels. Even though, AOD based PM2.5 predictions may be erro-
neous due to retrieval error and high cloud. Instead of AOD, some recent 
studies have estimated PM2.5 by directly using satellite top-of- 
atmosphere (TOA) reflectance (Liu, Weng, & Li, 2019). TOA offers 
higher spatial coverage than AOD. Even though, TOA also becomes 
unavailable under cloudy condition. Unlike TOA reflectance, AOD can 
visualize PM2.5 pollution of a defined area (Yang, Xu, & Yu, 2020). On 
the other hand, high-resolution satellite images have continuous spatial 
coverage with spatial resolution<1 × 1 km. No separate hardware 
deployment cost is necessary to have these satellite images as long as the 
target satellite is accessible. Lee, Kloog, Chudnovsky, Lyapustin, Wang, 
Melly, & Schwartz (2016) have proposed a mathematical model for 
spatiotemporal prediction of PM2.5 in southeastern USA using high 
resolution satellite images. Their model takes AOD, temperature, RH, 
wind speed, visibility, sea level pressure, Normalized Difference Vege-
tation Index (NDVI), PM2.5, PM10 and NOx emission as inputs. However, 

many AODs have been deleted due to cloud contamination and water 
bodies. Some of the AOD values have gone missing in winter season. 
Moreover, retrieval errors trigger wrong AOD in some cases. Sensor data 
of temperature, RH, wind speed, PM2.5, PM10 and NOx may become 
erroneous due to technical glitches or hardware malfunction of sensor 
devices, leading to sensor data uncertainties. Such uncertainties are also 
left unaddressed in this model. Clear-sky solar radiation is an influential 
factor to uphold the clarity of satellite images. Latitude and altitude have 
strong impact on the quantity of this radiation (Yu, Zhang, Wang, Lu, & 
Li, 2021). This radiation is attenuated due to water vapour more 
strongly than aerosols (Yu, Zhang, Wang, Qin, Lu, & Li, 2020). There-
fore, in addition to satellite images, we consider cloud percentage and 
RH percentage of the same place and same time to monitor air quality of 
the area of interest. This is intended to distinguish an obscure image 
between polluted air and cloud. Relationship between PM2.5 and RH of 
the area of interest is used to perform this distinction. Thus, unlike AOD 
and TOA reflectance, our proposed model remains functional even 
under cloudy condition. We also consider temperature, wind speed and 
wind direction of the area of interest to deal with the impact of envi-
ronmental paramerters on PM2.5 level. Cloud percentage, RH percent-
age, temperature, wind speed and wind direction data are collected by 
concerned sensor devices. Such sensor data are vulnerable to sensor data 
uncertainties. Therefore, addressing such uncertainties of sensor data is 
essential to improve monitoring accuracy. Knowledge-driven approach 
and data-driven approach are two ways to compute prediction (Chen, 
Nugent, & Wang, 2011). Knowledge-driven approach consists of an 
expert system, which has two segments: knowledge base and inference 
engine. Belief Rule Based Expert System (BRBES), fuzzy logic, PERFEX 
(Herbst, Garcia, Cooke, Ezquerra, Folks, & DePuey, 1992), MYCIN 
(Buchanan, & Shortliffe, 1984) are examples of knowledge-driven ap-
proaches. BRBES performs better than other knowledge-driven ap-
proaches in respect of dealing with uncertainties, specially ignorance 
(Hossain, Rahaman, Mustafa, & Andersson, 2017). Contrarily, data- 
driven approach infers prediction by learning actionable insight from 
external data, such as, sensor data and historical data (Kabir et al., 
2020). Machine Learning, a part of Artificial Intelligence (AI), is an 
example of such approach (Malik, Kanwal, Asghar, Sadiq, Karamat, & 
Fleury, 2019). Machine Learning performs prediction based on mathe-
matical model of training data (Fedushko, & Ustyianovych, 2019). It is 
not separately programmed to compute specific prediction. Various 
Machine Learning methods, such as, gradient boosting, decision trees, 
random forest and bagging are applied on satellite images to predict 
atmospheric heavy metal contamination (Uzhinskiy, Ososkov, Gon-
charov, & Frontsyeva, 2018). K-Nearest Neighbours (KNN), a machine 
learning technique, is trained on contamination indexes of satellite im-
ages to select K data clusters. Each of these clusters represents a certain 
level of contamination in the satellite images. Support Vector Machine 
(SVM) classifier, another Machine Learning approach, is employed on 
high-resolution satellite imagery to produce map separating coastal 
areas from other areas (Park, Achmad, Syifa, & Lee, 2019). SVM is used 
as satellite image classification technique to monitor spatial response of 
landscape triggered by surface coal mining (Demirel, Emil, & Duzgun, 
2011). Machine Learning classifier is also applied on satellite imagery to 
monitor vegetation along power lines (Gazzea, Pacevicius, Dammann, 
Sapronova, Lunde, & Arghandeh, 2021). However, Machine Learning is 
unable to process natural raw data directly (Torrisi, Pollastri, & Le, 
2020). This limitation is overcome by Deep Learning, a neural network 
based architecture (Bengio, Courville, & Vincent, 2013). Deep Learning 
employs representation-learning method to extract hidden features of 
raw data. Major classes of Deep Learning include Multilayer Perceptron 
(MLP), Convolutional Neural Networks (CNN) and Recurrent Neural 
Networks (RNN) (Affonso, Rossi, Vieira, & de Leon Ferreira, 2017; 
Babaev et al., 2019; Khan, Mehran, Haq, Ullah, Naqvi, Ihsan, & Abbass, 
2021). CNN can capture features of high-dimensional images accurately 
through its convolutional and pooling operation (Aras, & Ismael, 2021; 
Liu, Sun, Wergeles, & Shang, 2021). Hence, CNN is the most appropriate 
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class to analyze satellite images for air quality monitoring (Kabir et al., 
2020; Yuan, Shi, & Gu, 2021). Maggiori, Tarabalka, Charpiat, & Alliez 
(2016) have proposed an end-to-end framework to classify satellite 
images with CNN. They have proposed Fully Convolutional Network 
(FCN) architecture for dense classification problem. They have 
addressed imperfect training data by initializing the training with 
inaccurate reference data and then refining them by accurately labeled 
data. But, cloudy satellite images are unaddressed in this work. Bumm 
(Bumm, n.d.) has used satellite images to determine AQI values of Cal-
ifornia, USA. Two parallel CNNs have been employed for this purpose 
with 8 convolutional and 1 pooling layer each. Regularization has also 
been applied to counter over-fitting. However, this method is also 
restricted to cloud-free images only. 

BRBES computes prediction based on its rule base. This rule base can 
distinguish a hazy image between cloud and polluted air while 
addressing associated uncertainties. CNN predicts output by extracting 
image features. It does not have any separate rule base of its own to 
determine the presence of cloud. Neither can it deal with sensor data 
uncertainties. Inspired by the power of BRBES and CNN from two 
different perspectives, we propose a mathematical model to integrate 
CNN with BRBES for achieving monitoring output with improved ac-
curacy. Therefore, our research objective is to develop a model by 
integrating CNN with BRBES to monitor air quality by calculating PM2.5 
concentrations from satellite images and relevant environmental data. 
To accomplish this objective, we deal with the following research 
questions in this paper:  

(1) What is the benefit of using satellite images to monitor air 
quality? 

Higher spatial coverage and no separate hardware deployment cost 
are the key benefits of using satellite images over ground images.  
(2) How to sort out images which are obscure due to both cloud and 

polluted air? Cloud percentage and Relative Humidity (RH) have 
been taken into account to determine whether this obscurity is 
triggered by cloud or polluted air or both. 

Cloud percentage and Relative Humidity (RH) have been taken into 
account to determine whether this obscurity is triggered by cloud or 
polluted air or both.  
(3) Why and how to develop an integrated model of BRBES and CNN? 
Monitoring with higher accuracy is the justification of such inte-
gration. CNN will be integrated with BRBES through our proposed 
novel mathematical model. 

We monitor the level of PM2.5 concentrations from satellite image of 
Oriental Pearl Tower, Shanghai, China with CNN. To find out the most 
accurate CNN in the context of this study, we evaluate our CNN archi-
tecture with different number of layers, with each layer having various 
number of neurons. Different batch sizes and epochs of CNN have also 
been examined to this effect. We feed the predicted output of CNN, cloud 
and RH percentage as inputs to BRBES. Cloud percentage and RH data 
are used by BRBES to determine whether the obscurity of a satellite 
image is due to cloud or polluted air or both. This BRBES calculates the 
revised concentrations of PM2.5 by applying its own reasoning mecha-
nism over the input values. Next, we employ another BRBES to monitor 
PM2.5 concentrations with respect to the revised PM2.5 concentrations 
predicted by the earlier BRBES, temperature and wind speed. We 
consider local environmental context of Shanghai to formulate rule 
bases of both BRBESs. Finally, wind direction is taken into account to 
recalculate PM2.5 concentrations predicted by second BRBES. We 
observe the geographical location of Shanghai to assess the impact of 
wind direction on PM2.5. Thus, we monitor PM2.5 concentrations of 
Shanghai with higher accuracy by extracting satellite image features 
while dealing with associated uncertainties and environmental param-
eters. Recalculated PM2.5 concentrations is then converted into AQI 
using a mathematical equation. 

The rest of the paper is organized as follows: Section 2 presents the 

related works. In Section 3, we explain our proposed integrated 
approach of BRBES and CNN. Section 4 demonstrates our experimental 
results. Section 5 discusses and interprets these results in a broad context 
while outlining our future research plans. Section 6 concludes the paper. 

2. Related works 

Kabir et al. (2020) proposed an integrated approach of BRBES and 
Deep Learning to predict air pollution. They predicted PM2.5 by 
employing CNN on ground image. PM2.5 value was also taken from 
ground sensor. This approach used BRBES to predict air pollution in 
terms of AQI based on PM2.5 values coming from two difference sources 
(CNN and ground sensor). However, ground sensors have limited spatial 
coverage and necessitate extra deployment cost. 

Su, Wang, Zhang, Qin, & Bilal (2021) proposed a land general 
aerosol (LaGA) algorithm called High-Precision Aerosol Retrieval Al-
gorithm (HiPARA), to determine surface reflectance in terms of AOD and 
Single Scattering Albedo (SSA). HiPARA used pixel-by-pixel spectral 
reflectance relationship model for this purpose. A linearization scheme 
was also proposed to detect the aerosol type. HiPARA retrieved AOD 
turned out to be more accurate than that of Japan Aerospace Exploration 
Agency (JAXA), Moderate-resolution Imaging Spectro-radiometer 
(MODIS), Deep Blue (DB) algorithm and Visible/Infrared Imager Radi-
ometer Suite (VIIRS). HiPARA product also enjoys higher spatial 
coverage than JAXA, MODIS and VIIRS. HiPARA AOD can also capture 
the variations in dust aerosol. Hence, HiPARA has the potential to 
monitor pollution events with high temporal resolution. Cloud pixel 
mask algorithm has also been used by HiPARA to retrieve aerosol 
properties under clear sky. Although HiPARA AOD has higher accuracy 
than other aerosol products, it is not free from retrieval error and sensor 
calibration uncertainty. 

Li, Shen, Yuan, Zhang, & Zhang (2017) presented Geo-intelligent 
Deep Belief Network (Geoi-DBN) to estimate ground-level PM2.5 by 
fusing satellite and station observations. They considered geographical 
distance and spatiotemporally correlated PM2.5 in their model. PM2.5 
data of neighboring stations, PM2.5 observations from nearby days of the 
same station, satellite retrieved AOD, RH, temperature, wind speed, 
surface pressure and NDVI were taken as inputs to estimate PM2.5. Even 
though, AOD is vulnerable to be erroneous due to retrieval error and 
cloudy weather. Sensor data uncertainties are also not taken into ac-
count in this model. 

Zheng et al. (2020) employed CNN and Random Forest to estimate 
ground-level PM2.5 of Beijing, China from micro-satellite images. They 
extracted 128 useful features from satellite images using CNN. These 
128 features and 4 meteorological features: temperature, RH, wind 
speed and sea-level pressure were fed as inputs to Random Forest re-
gressor. Finally, this regressor predicted PM2.5 based on the 132 fea-
tures. However, this approach does not deal with cloudy satellite images 
and uncertainties associated with sensor data. 

Just, Wright, Schwartz, Coull, Baccarelli, Tellez-Rojo, Moody, Wang, 
Lyapustin, & Kloog (2015) predicted daily PM2.5 of greater Mexico city 
from 2004 to 2014 using MODIS instrument’s 1 km resolution AOD 
product. AOD values with cloud edges were excluded in this research to 
minimize erroneous values. They calibrated the relationship between 
AOD and PM2.5 data with temperature, RH, mean Planetary Boundary 
Layer (PBL), daily precipitation and roadway density. After this cali-
bration stage, they used AOD – PM2.5 relationship as well as association 
of PM2.5 level of a given grid cell with its neighboring grid cells to es-
timate PM2.5. They also took into account seasonal variation of air 
pollution to estimate the spatial pattern of PM2.5 across Mexico city. 
However, this research does not considered AOD under cloudy weather. 

Li, Xie, Ren, Guo, Yang, & Xu (2020) predicted urban PM2.5 con-
centrations via attention-based CNN and Long Short-Term Memory 
(CNN-LSTM). It consisted of 1-D CNN, LSTM and attention-based 
network to predict PM2.5 of next 24 h. Recent meteorological data and 
adjacent stations’ PM2.5 data were fed as input to their model. They 
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extracted spatiotemporal features of input data by CNN. LSTM and 
attention-based layer were used to capture effects of featured states of 
the past. However, adjacent stations’ PM2.5 mean more dependence on 
sensors, resulting in higher computation cost. Also, this research does 
not address uncertainties associated with PM2.5 sensor data. 

Albu, Precup, & Teban (2019) employed Artificial Neural Network 
(ANN) to predict skin diseases, hepatitis B and stroke risk. They trained 
and tested the ANN with various clinical and general features pertinent 
to the disease. They detected hepatic diseases by applying ANN on 
medical images obtained by Computed Tomography (CT). They also 
modeled finger dynamics of an amputated hand and control of a pros-
thetic hand by ANN. However, this research does not deal with feature 
data uncertainties. Moreover, this method is completely data-driven. No 
knowledge base, formulated by domain experts, is used here. 

Upadhyay, & Nagpal (2020) applied Radial Basis Function Neural 
Network (RBFNN) and SVM to classify sleep stages under acute and 
chronic stress conditions. They extracted features from wavelet co-
efficients of ElectroEncephaloGram (EEG) signals to compose wavelet 
feature vectors for classifying sleep into three stages: Awake (AWA), 
Slow Wave Sleep (SWS), and Rapid Eye Movement (REM). Their simu-
lation results over real EEG dataset turned out to be promising for SVM 
over RBFNN and Multi Layer Perceptron Neural Network (MLPNN). 
Even though, this study does not employ any rule base to classify sleep 
and stress. Uncertainties related to sleep EEG signals are also not taken 
into account. 

Borlea, Precup, Borlea, & Iercan (2021) proposed Unified Form (UF) 
clustering algorithm by merging Fuzzy C-means (FCM) and K-Means 
(KM) as a single configurable algorithm. Their second novelty was the 
Partitional Implementation of Unified Form (PIUF) algorithm, which 
dealt with the scalability of UF algorithm to process dataset of any size as 
well as hardware limitation. They used Iris dataset on BigTim distrib-
uted platform to evaluate UF. However, fuzzy learning system cannot 
address uncertainty due to incompleteness and ignorance (Islam et al., 
2016). On the other hand, BRBES represents uncertain knowledge better 
than fuzzy system through a belief structure (Islam et al., 2020). 
Moreover, no data-driven method, such as, machine learning or neural 
network, is employed in the proposed UF algorithm to discover hidden 
data pattern from Iris dataset. 

All of these air quality prediction methods have various limitations, 
such as, reliance on ground sensors, AOD usage, not dealing with sensor 
data uncertainties and not addressing cloudy satellite images. Therefore, 
this research sheds light on an integrated approach of BRBES and CNN to 
monitor air quality by calculating PM2.5 concentrations from satellite 
images. This approach uses neither ground sensor nor AOD. Also, it deals 
with sensor data uncertainties and cloudy satellite images to achieve 
monitoring output with higher accuracy. Moreover, this research takes 

into account temperature, wind speed and wind direction to achie ve a 
comprehensive monitoring output of PM2.5 concentrations of Shanghai. 

3. Integrated approach of BRBES and CNN 

Integrating information from multiple sources results in multimodal 
learning (Ngiam, Khosla, Kim, Nam, Lee, & Ng, 2011). It learns char-
acteristics over multiple modalities, instead of one single modality. 
Driven by the efficacy of multimodal learning, we integrate CNN with 
BRBES to improve monitoring accuracy. We show the system architec-
ture of our proposed integrated approach of BRBES and CNN in Fig. 1. 
Among various architectures of CNN, such as, AlexNet, VGG Net and 
GoogLeNet (Long et al., 2015), we choose VGG Net as our CNN model 
due to its higher classification accuracy than others (Kabir et al., 2020). 
We train our CNN model by satellite images of Shanghai with varying 
level of PM2.5. We evaluate our CNN’s prediction accuracy with respect 
to four different parameters: number of layers, number of neurons per 
layer, batch size and number of epochs. We customize our CNN archi-
tecture with various integration of these four parameters and employ the 
one with the highest accuracy. This employed CNN predicts PM2.5 based 
on a new satellite image of the same place. This predictive output is then 
fed as input to BRBES. Cloud percentage and RH of Shanghai are also 
given as inputs to BRBES. By reasoning over these three input values, 
BRBES revises the PM2.5 concentrations predicted by CNN. Distinction of 
an obscure image between cloud and polluted air is also performed by 
BRBES through its rule base while computing revised PM2.5 concentra-
tions. It makes this distinction based on the relationship between PM2.5 
and RH of the Shanghai. We then employ second BRBES which takes 
revised PM2.5 concentrations predicted by first BRBES, temperature and 
wind speed as input values and predicts PM2.5 concentrations. We then 
recalculate this PM2.5 concentrations predicted by second BRBES with 
respect to wind direction to achieve more comprehensive predictive 
output. Moreover, this recalculated PM2.5 concentrations is converted 
into AQI using the relevant mathematical equation. 

3.1. CNN model 

We have applied our VGG Net on satellite images of Shanghai with 
volume 468 × 548 × 3. We have assessed the prediction accuracy of our 
VGG Net with various number of layers as well as various number of 
neurons per layer. We also tested the performance of our VGG Net by 
changing the batch size and number of epochs. Table 1 demonstrates the 
validation accuracy of different configurations of our VGG Net based on 
these four parameters over 2520 training images and 630 testing images. 
It is evident from this table that the VGG Net having 17 hidden layers has 
shown the highest validation accuracy (87.85%) with Batch Size 64 and 

Fig. 1. System Architecture of the Integrated Approach.  
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75 number of epochs. More hidden layers enable VGG Net to extract 
deeper features from images. Higher batch size results in less iterations 
per epoch. However, it leads to deeper representation of image features 
in each iteration. Batch size 64 over 2520 training images means 2520/ 
64 = 40 iterations per epoch. Our VGG Net starts becoming overfitted if 
the number of epochs exceeds 75. This is the point when this VGG Net 
starts learning patterns specific to training data only, which are irrele-
vant for other data. Therefore, validation accuracy starts decreasing 
when number of epochs crosses 75. Hence, we have chosen the config-
uration consisting of 32 neurons for the first hidden layer, 64 neurons for 
each of the next 2 layers, 128 neurons for each of the next 2 layers, 256 
neurons for each of the next 4 layers and 512 neurons for each of the last 
8 hidden layers, with Batch Size 64 and epochs set to 75. Rectified Linear 
Unit (ReLU) has been used as activation function in this VGG Net. Batch 
Normalization has been performed to facilitate learning rate of our VGG 
Net. Dropout of 25% has been made to address over-fitting. Output of 
the last pooling layer has been flattened into a single vector. Our VGG 
Net has 3 fully connected layers. First two layers extract 4096 features 
each and the last layer extracts 1000 features. 50% of the neurons are 
dropped after the last Fully Connected layer. Softmax activation has 
been applied on our output layer to calculate probability for three 
classes (High Pollution, Medium Pollution and Low Pollution) via three 
nodes. As optimization function, we have applied Adam optimization 
algorithm on our VGG Net. Hence, the initial learning rate of our VGG 
Net has been set at 0.001, the default value of Adam optimizer. We 
demonstrate our VGG Net in Table 2. We classify an input image into 
multiple labels via multi-label binarizer. For instance, we run our 
trained VGG Net on an obscure satellite image of Oriental Pearl Tower, 
Shanghai, China. This image, captured on December 23, 2016 at 09:49 
hrs (Shanghai local time), is shown in Fig. 2(a). Fig. 2(b) shows a clear 
satellite image of the same place taken on another day under clean air. 
Normalized probability predicted by our VGG Net against each of the 
three classes (high, medium and low pollution) for that obscure satellite 
image is as follows: 

High Pollution = 0.94
Medium Pollution = 0.06
Low Pollution = 0.0

⎫
⎬

⎭
(1) 

Then we calculate PM2.5 by employing Algorithm 1, which takes 
these three probabilities as inputs. We map ‘High Pollution’ to ‘Very 
Unhealthy’ and ‘Hazardous’ category; ‘Medium Pollution’ to ‘Unhealthy 
for Sensitive Groups’ and ‘Unhealthy’ category; and ‘Low Pollution’ to 
‘Good’ and ‘Moderate’ category of U.S. EPA’s AQI breakpoint table. 
Experience values of this algorithm are set in line with this breakpoint 
table. For example, in line 2, 150.5 refers to the starting value of PM2.5 
concentrations against ‘Very Unhealthy’ AQI category. In the same line, 

349.5 is the middle point of the starting and ending PM2.5 values of ‘Very 
Unhealthy’ and ‘Hazardous’ AQI category, which are 201 and 500 
respectively. This algorithm returns 479.03 μg/m3 as PM2.5 concentra-
tions predicted from the image. This high value of PM2.5 can be due to 
polluted air or cloud or both. Distinction of an obscure image between 
polluted air and cloud has been made in the rule base of first BRBES, 
which has been explained in the next sub-section. 

Algorithm 1.  

Algorithm 1: An algorithm to calculate PM2.5 from image 

Input: HP, MP and LP indicate the probability for High Pollution, Medium Pollution 
and Low Pollution respectively. 

Output: Image based PM2.5 concentrations (PM′
2.5). 

Begin 
1 if ((HP > MP) and (HP > LP)) then 
2 PM′

2.5 = 150.5 + (349.5*HP) 
3 else if ((LP > HP) and (LP > MP)) then 
4 if (LP == 1) then PM′

2.5 = 10 
5 else if (LP >= 0.95) then PM′

2.5 = 30 
6 else if (LP >= 0.90) then PM′

2.5 = 40 
7 else PM′

2.5 = (35.4 * (1 - LP)) + ((150.4 * MP)/2) 
8 else if ((MP > HP) and (MP > LP)) 
9 if (MP == 1) then PM′

2.5 = 92 
10 else if (HP > LP) then PM′

2.5 = (35.5 + 114.9*MP) + ((500.4 * HP)/2) 
11 else if (LP > HP) then PM′

2.5 = (35.5 + 114.9*MP) + ((35.4 * LP)/2) 
12 return PM′

2.5 
End   

3.2. Integrated BRBES and CNN 

This sub-section explains BRBES and the theoretical approach to 
integrate CNN with BRBES. BRBES has a knowledge base which contains 
all the rules. It transforms an input, calculates activation weight of each 
rule, updates belief degree of concerned rules (if applicable) and finally 
aggregates all the rules with Evidential Reasoning (ER) approach. Our 
proposed model consists of two sets of BRBES. 

3.2.1. Knowledge base 
Knowledge Base consists of all the belief rules of BRBES. Each rule 

has antecedent part and consequent part. Antecedent part has several 
antecedent attributes, but consequent part has only one consequent 
attribute. Both antecedent and consequent attributes have their own set 

Table 1 
Comparative evaluation among parameters of VGG Net.  

Hidden 
Layers 

Neurons per layer (Number 
of Layers) 

Batch 
Size 

Epochs Validation 
Accuracy 

5 32(1), 64(2), 128(2) 32 75 75.95% 
9 32(1), 64(2), 128(2), 256 

(2), 512(2) 
78.03% 

25 32(3), 64(3), 128(3), 256 
(5), 512(5), 1024(6) 

84% 

21 32(3), 64(3), 128(3), 256 
(6), 512(6) 

80.99% 

25 32(3), 64(5), 128(5), 256 
(6), 512(6) 

79.07% 

17 32(1), 64(2), 128(2), 256 
(4), 512(8) 

32 75 85.97% 
64 75 87.85% 

120 80.04% 
160 78.95% 
200 80.51% 
250 82.88% 
300 76.33%  

Table 2 
VGG Net model description.  

Model Content Details 

Input Image Size 468 × 548 × 3 
First Convolution Layer 32 filers, Size: 3 × 3, ReLU 
First Max Pooling Layer Pooling Size: 3 × 3 
Second & Third 

Convolution Layers (each) 
64 filers, Size: 3 × 3, ReLU 

Second Max Pooling Layer Pooling Size: 2 × 2 
Fourth & Fifth 

Convolution Layers (each) 
128 filers, Size: 3 × 3, ReLU 

Third Max Pooling Layer Pooling Size: 2 × 2 
Sixth to Ninth 

Convolution Layers (each) 
256 filers, Size: 3 × 3, ReLU 

Fourth Max Pooling Layer Pooling Size: 2 × 2 
Tenth to Seventeenth 

Convolution Layers (each) 
512 filers, Size: 3 × 3, ReLU 

Fifth Max Pooling Layer Pooling Size: 2 × 2 
First and Second 

Fully Connected Layer (each) 
4096 nodes, ReLU 

Third Fully Connected Layer 1000 nodes, ReLU 
Dropout Layer 50% neurons dropped randomly 
Output Layer 3 nodes, Softmax activation 
Optimization Function Adam optimization 
Learning Rate 0.001 
Loss Function Binary Cross Entropy  
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of referential values. Rule base of first BRBES has three antecedent at-
tributes: satellite image based PM2.5 concentrations, cloud percentage 
and RH of the area of interest. Each of these attributes has three refer-
ential values: High, Medium and Low. Only consequent attribute of this 
rule base is the revised PM2.5 concentrations (PM′′

2.5) over PM′
2.5 

(predicted by Algorithm 1). It also has three referential values: High, 
Medium and Low. All the 33 = 27 rules of this rule base have been 
demonstrated in Table 3. Values of ‘Activation Weight’ column of this 
table has been clarified in Section 3.2.2.2. 

Optical remote sensing images cannot observe atmospheric infor-
mation through clouds. Hence, a satellite image, captured during a 
cloudy weather, will be obscure even if the air is clean. CNN will predict 
high air pollution from that obscure image. However, this obscurity is 

triggered by cloud, not high PM2.5. We distinguish this ambiguity by 
considering the value of RH. Correlation between PM2.5 and RH in 
Shanghai area is negative (Yang, Yuan, Li, Shen, & Zhang, 2017). Higher 
the PM2.5, lower the RH and vice versa. In Shanghai region, aerosol is of 
clean-ocean type and sodium chloride (NaCl) constitutes a major part of 
PM2.5 in this region. Whenever the humidity level becomes high, NaCl 
falls to the ground after absorbing a lot of moisture (Su et al., 2021). 
Negative correlation between PM2.5 and RH in Shanghai is triggered by 
this physical occurrence. We employ this reverse relationship between 
PM2.5 and RH in the rule base of first BRBES to distinguish an obscure 
image between polluted air and cloud. Rule IDs R1, R4, R10 and R13 of 
Table 3 are set with respect to this reverse relationship. 

Fig. 2. Satellite image of Shanghai, China: (a) Cloudy one captured on December 23, 2016 at 09:49 hrs; (b) Clear image of the same place taken on April 15, 2014 at 
11:33 hrs under clean air. 

Table 3 
Rule Base of first BRBES.  

Rule ID Rule Weight IF THEN Activation Weight 
PM′′

2.5 

PM′
2.5 Cloud% RH High Medium Low 

R1  1.0 H H H 0 0 1 0 
R2  1.0 H H M 0 0.20 0.80 0.36 
R3  1.0 H H L 1 0 0 0.40 
R4  1.0 H M H 0 0 1 0 
R5  1.0 H M M 0 0.20 0.80 0.09 
R6  1.0 H M L 1 0 0 0.10 
R7  1.0 H L H 1 0 0 0 
R8  1.0 H L M 1 0 0 0 
R9  1.0 H L L 1 0 0 0 
R10  1.0 M H H 0 0 1 0 
R11  1.0 M H M 0 0.40 0.60 0.02 
R12  1.0 M H L 0 1 0 0.02 
R13  1.0 M M H 0 0 1 0 
R14  1.0 M M M 0 0 1 0 
R15  1.0 M M L 0 1 0 0.01 
R16  1.0 M L H 0 1 0 0 
R17  1.0 M L M 0 1 0 0 
R18  1.0 M L L 0 1 0 0 
R19  1.0 L H H 0 0 1 0 
R20  1.0 L H M 0 0 1 0 
R21  1.0 L H L 0 0 1 0 
R22  1.0 L M H 0 0 1 0 
R23  1.0 L M M 0 0 1 0 
R24  1.0 L M L 0 0 1 0 
R25  1.0 L L H 0 0 1 0 
R26  1.0 L L M 0 0 1 0 
R27  1.0 L L L 0 0 1 0  
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3.2.2. BRBES inference procedure 

3.2.2.1. Input transformation. Input values of all the antecedent attri-
butes are transformed into their own referential values. Utility values of 
CNN-generated concentrations of PM2.5 for Low, Medium and High are 
0, 55.5 and 500.4 respectively. Utility values of Cloud Percentage for 
Low, Medium and High are 0, 0.50 and 1.00 respectively. Utility values 
of RH for Low, Medium and High are 0.35, 0.75 and 0.90 respectively. 

We now transform the PM2.5 concentrations (479.03 μg/m3) calcu-
lated from satellite image by Algorithm 1 into its referential values. For 
this transformation, we consider the utility values of Medium and High 
as 479.03 falls between these two utility values. 

Medium, M1 = (500.4 – 479.03)/(500.4 – 55.5) = 0.05. 
High, H1 = (1 – 0.05) = 0.95. 
Low, L1 = (1 – 0.05 – 0.95) = 0. 
According to satellite data, cloud percentage of the area of interest on 

December 23, 2016 at 09:49 hrs (Shanghai local time) is 90. We now 
transform this percentage into its referential values as follow: 

Medium, M2 = (1 – 0.90)/(1 – 0.50) = 0.20. 
High, H2 = (1 – 0.20) = 0.80. 
Low, L2 = (1 – 0.20 – 0.80) = 0. 
As reported by Shanghai historical weather dataset (World Weather 

Online), RH of Shanghai on the same day and time was 0.54. Referential 
values of RH are calculated below: 

Low, L3 = (0.75 – 0.54)/(0.75 – 0.35) = 0.53. 
Medium, M3 = (1 – 0.53) = 0.47. 
High, H3 = (1 – 0.53 – 0.47) = 0. 

3.2.2.2. Rule activation weight calculation. Activation weight of each of 
the 27 rules, as demonstrated in Table 3, is calculated in this part. For 
this purpose, belief matching degree of a rule with respect to all the 
antecedent attributes’ referential values is calculated (Hossain et al., 
2017). Matching degree of kth rule is: 

αk =
∏Tk

i=1

(
αk

i

)δki (2)  

where Tk refers to kth rule’s total number of antecedent attributes and δki 

= δki
maxi=1,⋯,Tk (δki )

is ith antecedent attribute’s relative weight. δki is calculated 

by dividing the weight of an antecedent attribute (δki) with the 
maximum weight of all the antecedent attributes of the kth rule to make 
the value of δki normalized (between 0 and 1). A rule is activated once 
matching degrees with respect to each input are assigned to the con-
cerned referential values of all antecedent attributes (Yang, Liu, Wang, 
Sii, & Wang, 2006). Weight of the concerned rule is also taken into ac-
count to calculate its activation weight with respect to input values. 
Activation weight of kth activated rule is defined as: 

ωk =
θkαk

∑L
j=1θjαj

=
θk
∏Tk

i=1

(
αk

i

)
δki

∑L
j=1θj

∏Tk
i=1(αk

i )
δki

(3)  

where δki refers to the ith antecedent attribute’s relative weight in the kth 

rule and θk is kth rule’s rule weight, with value between 0 and 1 (both 
inclusive). Activation weight zero means that the rule is not activated 
and it has no impact on the inference procedure. We show the activation 
weights of all the 27 rules of first BRBES in the last column of Table 3. 

3.2.2.3. Belief degree update. Uncertainty due to ignorance is triggered 
when input value of any of the antecedent attributes of a rule becomes 
unavailable. To deal with such missing input values, initial belief de-
grees of the referential values of the consequent attribute are updated by 
the following mathematical equation (Yang et al., 2006): 

βik = βik

∑Tk
t=1(τ(t, k)

∑Jt
j=1αtj)

∑Tk
t=1τ(t, k)

(4)  

where αtj is the matching degree of the jth referential value of the tth 

antecedent attribute. βik is the original belief degree and βik is the 
updated belief degree of the ith referential value of the consequent 
attribute at the kth rule, and. 

τ(t, k) =
{

1, iftheantecedentattributeisusedinkthruleRk(t = 1,⋯, Tk)

0, otherwise  

3.2.2.4. Rules aggregation. BRBES aggregates all the rules of its rule 
base through ER approach (Buchanan and Shortliffe, 1984). ER can be 
either recursive or analytical. However, analytical ER is computationally 
more efficient than recursive ER (Wang, Yang, & Xu, 2006). Hence, we 
employ analytical ER to calculate belief degree of all the referential 
values of the consequent attribute. We define final aggregated result C 
(Y) as: 

C(Y) =
{(

Oj, βj
)
, j = 1, …, N

}
,

where βj is the belief degree of the jth referential value Oj of the conse-
quent attribute, having N number of referential values. βj is defined as: 

βj =
μ ×

[∏L
k=1

(
ωkβjk + 1 − ωk

∑N
j=1βjk

)
−
∏L

k=1

(
1 − ωk

∑N
j=1βjk

) ]

1 − μ ×
[∏L

k=1(1 − ωk)
] (5)  

where L is the total number of rules of the rule base and μ is defined as: 

μ =

[
∑N

j=1

∏L

k=1

(

ωkβjk + 1 − ωk

∑N

j=1
βjk

)

− (N − 1)
∏L

k=1

(

1 − ωk

∑N

j=1
βjk

)]− 1 

Belief degree, calculated by Equation (5), for each of the three 
referential values of our consequent attribute PM′′

2.5 is as follows. 
High = 0.52; Medium = 0.11 and Low = 0.37. 
We now employ Algorithm 2 to convert these belief degrees into one 

single numerical crisp value. This algorithm’s experience values have 
been chosen empirically in line with PM2.5 concentration ranges of 
EPA’s breakpoint table According to this algorithm, crisp value of 
PM′′

2.5 = 100.5 + (25 * 0.52) = 113.50. 
However, PM2.5 concentrations of Shanghai are strongly influenced 

by two natural factors: temperature and wind speed (Yan, Li, Sun, & Wu, 
2019). Average level of PM2.5 concentrations in Shanghai is the lowest in 
summer due to high temperature and rising hot air, which reduces the 
sedimentation of fine particles. On the contrary, Shanghai sees the 
highest level of PM2.5 concentrations in winter due to higher energy 
consumption in winter heating, less rainfall and more fog, leading to 
reduced movement of fine particles. In spring, northwest wind triggers 
coarse particulate pollution in Shanghai. Cool weather and air flow 
reduce intensity of fine particles in autumns, leading to lower level of 
particle pollution (Hu, Fu, Wang, Kong, Chen, & Chen, 2016). As East 
China Sea is situated to the east side of Shanghai, clean air from the sea is 
brought to Shanghai by the easterly wind. On the other hand, westerly 
wind brings polluted air to Shanghai from the neighbouring areas (Guo, 
& Chen, 2018). Hence, in the context of Shanghai, high easterly wind 
speed results in low PM2.5 concentrations and high westerly wind speed 
triggers high PM2.5 concentrations. To deal with the influence of tem-
perature and wind speed on the level of PM2.5 concentrations, we 
employ another BRBES to rectify PM′′

2.5 with respect to these two fac-
tors. We denote this rectified PM′′

2.5, the consequent attribute of second 
BRBES, by PM′′′

2.5. In addition to temperature and wind speed, this 
second BRBES takes the PM′′

2.5 predicted by first BRBES as input. We 
formulate the rule base of second BRBES, as shown in Table 4, in line 
with the correlation of PM2.5 with temperature and wind speed. Utility 
values of PM′′

2.5 (µg/m3) predicted by first BRBES for Low, Medium and 
High are set at 0, 110 and 220 respectively. Utility values of temperature 
(degree celsius) for Low, Medium and High are 1, 16 and 32 respec-
tively. Utility values of wind speed (km/h) for Low, Medium and High 
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are 5, 14 and 23 respectively. As reported by Shanghai historical 
weather dataset (World Weather Online), temperature and wind speed 
of Shanghai on the same day and same time (December 23, 2016 at 
09:49 hrs) is 10 ◦C and 18 km/h respectively. We then transform each of 
these three input values into belief degrees of their respective referential 
values. Next, we calculate the activation weight of each of the 27 rules of 
the. 

Algorithm 2.  

Algorithm 2: An algorithm to calculate single numerical crisp value of PM′′
2.5 

Input: H, M and L indicate the belief degrees of the referential values High, Medium 
and Low respectively of consequent attribute PM′′

2.5. IL, and IM refer to the 
probabilities predicted by our VGG Net against a satellite image for Low, and 
Medium Pollution respectively. 

Output: Crisp value of PM′′
2.5. 

Begin 
1 if ((H > M) and (H > L)) then 
2 if (H >= 0.90) then PM′′

2.5 = 180 + (40 * H) 
3 else if (0.80 <= H < 0.90) then PM′′

2.5 = 120 + (25 * H) 
4 else PM′′

2.5 = 100.5 + (25 * H) 
5 else if ((L > M) and (L > H)) then 
6 if (L >= 0.98) then PM′′

2.5 = (12 * L)/2 
7 else if (0.95 <= L < 0.98) then PM′′

2.5 = 10 * L 
8 else if (0.90 <= L < 0.95) 
9 if ((IL <= 0.85) and (IM >= 0.15)) then PM′′

2.5 = 136 + (94.9 * M) 
10 else if (M >= 0.08) then PM′′

2.5 = 8 + (23.3 * M) 
11 else PM′′

2.5 = 10 + (23.3 * (1 - L)) 
12 else if (0.85 <= L < 0.90) then PM′′

2.5 = 26 + (19.9 * (1 - L)) 
13 else if (0.80 <= L < 0.85) then PM′′

2.5 = 28 + (19.9 * (1 - L)) 
14 else if (0.75 <= L < 0.80) then PM′′

2.5 = 31 + (19.9 * (1 - L)) 
15 else if (0.70 <= L < 0.75) then PM′′

2.5 = 33 + (19.9 * (1 - L)) 
16 else PM′′

2.5 = 35.5 + (24 * (1 - L)) 
17 else if ((M > H) and (M > L)) 
18 if (H > L) then PM′′

2.5 = 55.5 + (94.9 * M) 
19 else if (L >= H) 
20 if (M >= 0.95) then PM′′

2.5 = 12.1 + 23.3 * (1-M) 
21 else if (0.90 <= M < 0.95) then PM′′

2.5 = 12.1 + (23.3 * M) 
22 else if (0.85 <= M < 0.90) then PM′′

2.5 = 19 + (23.3 * M) 
23 else if (0.80 <= M < 0.85) then PM′′

2.5 = 24 + (23.3 * M) 
24 else if (0.75 <= M < 0.80) then PM′′

2.5 = 31 + (19.9 * M) 

(continued on next column)  

(continued ) 

Algorithm 2: An algorithm to calculate single numerical crisp value of PM′′
2.5 

25 else PM′′
2.5 = 35.5 + (19.9 * M) 

26 return PM′′
2.5 

End  

rule base, which is shown in the last column of Table 4. All the rules 
are aggregated with analytical ER approach. Calculated belief degree of 
each of the three referential values of the consequent attribute PM′′′

2.5 is 
as follows. 

High = 0.59; Medium = 0.40 and Low = 0.01. 
We employ Algorithm 3 to calculate single numerical crisp value of 

PM′′′
2.5. We choose experience values of this algorithm empirically, 

which are consistent with the PM2.5 concentration ranges of EPA 
breakpoint table. As calculated by this algorithm, PM′′′

2.5 = 115.5 + (25 
* 0.59) = 130.25. However, as wind direction also plays an influential 
role on PM2.5 level, we recalculate the value of PM′′′

2.5 by employing 
Algorithm 4. This algorithm checks whether the wind direction is east or 
west and changes the value of PM′′′

2.5 accordingly. Wind speed and 
temperature are also taken into account while bringing this change. We 
set the experience values of Algorithm 4 with respect to the local envi-
ronmental context of Shanghai. Finally, PM2.5 concentrations, recalcu-
lated by this algorithm, turns out to be 130.25 + 130.25 * ((18–12)/ 
100) + 130.25 * ((32–10)/100) = 166.72. As per the hourly PM2.5 
dataset of U.S. Consulate in Shanghai, actual concentration of PM2.5 of 
the same place and same time is 167 µg/m3 (U.S. Department of State 
Mission China). So, the PM2.5 concentrations calculated by our proposed 
model is close to the actual one. Next, we convert our calculated PM2.5 
concentration into AQI using the following equation of AQI breakpoint 
table. 

AQI =
(Ihigh − Ilow)(C − Clow)

Chigh − Clow
+ Ilow (6) 

Here, C refers to the PM2.5 concentration. Clow is the concentration 
breakpoint which is lower than or equal to C. Chigh is the concentration 
breakpoint which is greater than or equal to C. Ihigh and Ilow are the index 

Table 4 
Rule Base of second BRBES.  

Rule ID Rule weight IF THEN Activation Weight 
PM′′′

2.5 

PM′′
2.5 Temp (oC) Wind Speed (km/h) High Medium Low 

R1  1.0 H H H 0 0 1 0 
R2  1.0 H H M 0 0.15 0.85 0 
R3  1.0 H H L 0 0.20 0.80 0 
R4  1.0 H M H 0.90 0.10 0 0.01 
R5  1.0 H M M 0 0.10 0.90 0.01 
R6  1.0 H M L 0 0.80 0.20 0 
R7  1.0 H L H 0.90 0.10 0 0.01 
R8  1.0 H L M 0.95 0.05 0 0.01 
R9  1.0 H L L 1 0 0 0 
R10  1.0 M H H 0 0 1 0 
R11  1.0 M H M 0 0.10 0.90 0 
R12  1.0 M H L 0 0.05 0.95 0 
R13  1.0 M M H 0.90 0.10 0 0.26 
R14  1.0 M M M 0 1 0 0.32 
R15  1.0 M M L 0 0.20 0.80 0 
R16  1.0 M L H 0.80 0.20 0 0.17 
R17  1.0 M L M 0.90 0.10 0 0.22 
R18  1.0 M L L 1 0 0 0 
R19  1.0 L H H 0 0 1 0 
R20  1.0 L H M 0 0.05 0.95 0 
R21  1.0 L H L 0 0.10 0.90 0 
R22  1.0 L M H 0 0.05 0.95 0 
R23  1.0 L M M 0 0.10 0.90 0 
R24  1.0 L M L 0 0.15 0.85 0 
R25  1.0 L L H 0.20 0.80 0 0 
R26  1.0 L L M 0.30 0.70 0 0 
R27  1.0 L L L 0.40 0.60 0 0  
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breakpoints corresponding to Chigh and Clow respectively. According to 
this equation, AQI against PM2.5 concentrations calculated by our 
propoed model, turns out to be 216. We show the conceptual architec-
ture of BRBES in Fig. 3. 

Algorithm 3.  

Algorithm 3: An algorithm to calculate single numerical crisp value of PM′′′
2.5 

Input: H, M and L indicate the belief degrees of the referential values High, Medium 
and Low respectively of consequent attribute PM′′′

2.5. IL, and IM refer to the 
probabilities predicted by our VGG Net against a satellite image for Low, and 
Medium Pollution respectively. 

Output: Crisp value of PM′′′
2.5. 

Begin 
1 if ((H > M) and (H > L)) then 
2 if (H >= 0.90) then PM′′′

2.5 = 180 + (40 * H) 
3 else if (0.80 <= H < 0.90) then PM′′′

2.5 = 120 + (25 * H) 
4 else PM′′′

2.5 = 115.5 + (25 * H) 
5 else if ((L > M) and (L > H)) then 
6 if (L >= 0.98) then PM′′′

2.5 = (12 * L)/2 
7 else if (0.95 <= L < 0.98) then PM′′′

2.5 = 10 * L 
8 else if (0.90 <= L < 0.95) 
9 if ((IL <= 0.85) and (IM >= 0.15)) then PM′′′

2.5 = 136 + (94.9 * M) 
10 else if (M >= 0.08) then PM′′′

2.5 = 8 + (23.3 * M) 
11 else PM′′′

2.5 = 10 + (23.3 * (1 - L)) 
12 else if (0.80 <= L < 0.90) then PM′′′

2.5 = 15 + (19.9 * (1 - L)) 
13 else if (0.75 <= L < 0.80) then PM′′′

2.5 = 19 + (19.9 * (1 - L)) 
14 else if (0.70 <= L < 0.75) then PM′′′

2.5 = 23 + (19.9 * (1 - L)) 
16 else PM′′′

2.5 = 27 + (24 * (1 - L)) 
17 else if ((M > H) and (M > L)) 
18 if (H > L) then PM′′′

2.5 = 55.5 + (94.9 * M) 
19 else if (L >= H) 
20 if (M >= 0.95) then PM′′′

2.5 = 12.1 + 23.3 * (1-M) 
21 else if (0.90 <= M < 0.95) then PM′′′

2.5 = 12.1 + (23.3 * M) 
22 else if (0.85 <= M < 0.90) then PM′′′

2.5 = 15 + (23.3 * M) 
23 else if (0.80 <= M < 0.85) then PM′′′

2.5 = 17 + (23.3 * M) 
24 else if (0.75 <= M < 0.80) then PM′′′

2.5 = 19 + (19.9 * M) 
25 else PM′′′

2.5 = 21 + (19.9 * M) 
26 return PM′′′

2.5. 
End   

Algorithm 4.  

Algorithm 4: An algorithm to recalculate PM′′′
2.5 with respect to wind direction 

Input: D indicates wind direction (North, South, East or West); S indicates wind speed 
in km/h; T indicates ground temperature in degree celsius, and M indicates the crisp 
value of PM′′′

2.5 calculated by Algorithm 3. 
Output: Recalculated concentrations of PM′′′

2.5 (PM2.5). 
Begin 

(continued on next column)  

(continued ) 

Algorithm 4: An algorithm to recalculate PM′′′
2.5 with respect to wind direction 

1 if (D == East) then 
2 if ((S >= 12) and (T >= 11)) then PM2.5 = M/2 
3 else if (D == West) then 
4 if ((S >= 12) and (T >= 11)) then PM2.5 = M + M * ((S - 12)/100) 
5 else if ((S >= 12) and (T < 11)) then PM2.5 = M + M * ((S - 12)/100) + M * ((32 - 

T)/100) 
6 return PM2.5 
End   

3.3. Processing time complexity 

We calculate the processing time complexity of our proposed inte-
grated model in this sub-section. We use big O notation to analyse the 
time complexity of our model. First, we train and test our VGG Net with 
3150 satellite images. Hence, time complexity to train and test our VGG 
Net is O(3150). Next, we classify a new satellite image into three dif-
frerent classes. This classification algorithm has a for loop (running 
thrice) to calculate probability of each of the three classes, making its 
time complexity O(3). We then employ two sets of BRBES successively to 
monitor PM2.5 concentrations. Each of the two BRBES. 

has three antecedent attributes. Each antecedent attribute has three 
different referential values. Hence, each BRBES has three nested for 
loops over three antecedent attributes. Each nested for loop runs thrice 
over three referential values of the concerned antecedent attribute. So, 
time complexity of each BRBES is O(3x3) = O(27). We show the time 
complexity of various components of our model and the total value in 
Table 5. 

It may be noted here that, Algorithm 1 can be extended to any time 
and place. However, some of the experience values of Algorithm 2 to 4 
are specifically customized for Shanghai city. Hence, these algorithm are 
not applicable for other places apart from Shanghai. 

Fig. 3. Conceptual Architecture of BRBES. Here, Rn refers to nth rule with Activation Weight Wn.  

Table 5 
Time Complexity of four components of the Integrated Model.  

Component Time Complexity 

VGG Net O(3150) 
Input Image Classification O(3) 
First BRBES O(27) 
Second BRBES O(27) 
Total = O(3207)  
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3.4. Disjunctive BRBES 

The rule bases of BRBES, as shown in Tables 3 and 4, are based on 
conjunctive assumption. This assumption formulates rule for every 
single combination of referential values of the antecedent attributes, 
leading to a large rule base (Chang et al., 2016). High memory and 
computational cost of conjunctive assumption can be reduced by 
employing disjunctive BRBES (Chang et al., 2016; Chang, Zhou, You, 
Yang, & Zhou, 2016). In disjunctive BRBES, number of rules in the rule 
base is equal to the number of referential values of the antecedent at-
tributes. All antecedent attributes have same number of referential 
values in disjunctive BRBES (Xiong, Chen, Mao, Liao, & Chang, 2017). 
Hence, rule bases of both first and second BRBES will have three rules 
under disjunctive assumption. Activation weight of kth rule, wk, of a 
disjunctive BRBES is defined as: 

wk =
θk
∑M

i=1αk
i

∑L
l=1θl

∑M
i=1αl

i
(7)  

where θk is kth rule’s initial weight, αi
k refers to the matching degree of ith 

input with kth rule, L and M refers to the total number of rules and inputs 
respectively. In disjunctive BRBES, a rule is activated even if one input 
matching degree is non-zero. On the contrary, even if one input 
matching degree is 0, conjunctive BRBES leaves the rule deactivated. We 
show the rule base of first and second BRBES, constructed under 
disjunctive assumption, in Table 6 and 7 respectively. 

3.5. Joint optimization of BRBES 

Performance of BRBES can be optimized in two ways: a) Parameter 
Optimization and b) Structure Optimization. Combined optimization of 
both parameter and structure results in joint optimization. 

The parameters of BRBES we optimize are: attribute weight, rule 
weight and belief degrees of the referential values of the consequent 
attribute. We apply Differential Evolution (DE) to perform parameter 
optimization (Storn, & Price, 1997). DE has faster and more certain 
convergence rate than many other global optimization approaches to 
reach global minimum. Sequential steps of DE to optimize three pa-
rameters of BRBES are shown in Algorithm 5. However, performance of 
DE itself depends on the control parameters, which need to be adjusted 
to address uncertainty or noise of the optimization problem. Balance 
between exploration and exploitation of the search space is also neces-
sary to obtain appropriate values of the control parameters. Driven by 
this, we run BRB adaptive DE. 

Algorithm 5.  

Algorithm 5: Differential Evolution (DE) for parameter optimization of BRBES 

Input: Initial dataset and initial parameters of BRBES. 
Output: BRBES with optimized parameters. 
Begin 
1 Initial dataset divided into training and testing parts. 
2 BRBES parameter initialization 
3 Rule activation weight calculation 
3.1 Crossover 

if ((rand <= CR) or (j == sn)) then 
uij = vij 

(continued on next column)  

(continued ) 

Algorithm 5: Differential Evolution (DE) for parameter optimization of BRBES 

else 
uij = xij 

where crossover operator, CR = 0.9, and sn ∈ [1,2,…,n] represents a random integer 
generated against every new individual. 

3.2 Mutation 
The ith individual in a new generation is defined as 

vi = xr1 + F * (xr2 – xr3) 
where xr1, xr2, and xr3 are three random individuals with r1 != r2 != r3 and F = 0.5 
is the 
mutation operator. 

4 Activated rules are integrated by ER approach. 
5 Selection 

The ith individual ui
t moves into the new generation, if the value of the fitness 

function shows lower error, as defined by 
if (f(ui

t) <= f(xi
t)) then 

xi
t+1 = ui

t 

else 
xi

t+1 = xi
t 

where f(.) represents the fitness function, which, in this research, is MSE/MAE/R2. 
6 Check on Stop Criterion (number of generations) 

if not met then 
go to step 3 

if met then 
select individual having the best value of fitness function 

7 Develop new BRBES with the selected individual. 
8 Validate efficiency with the testing dataset. 
End  

(BRBaDE) to coordinate the values of two control parameters of DE: 
Crossover Factor (CR) and Mutation Factor (F). BRBaDE balances be-
tween exploration and exploitation by handling uncertainties with 
BRBES while searching for suitable values of these two control param-
eters (Islam et al., 2020a). BRBaDE employs BRBES to predict either 
high values of CR and F for exploration or low values of CR and F for 
exploitation, resulting in optimal values in fewer iterations. If the cur-
rent population is far from convergence, BRBaDE explores the search 
space to find global optima. Contrarily, if the current population is close 
to convergence, BRBaDE exploits the search space to find local optima. 
BRBaDE’s increased accuracy over conventional DE comes at the cost of 
more computation time and cost. We also optimize the structure of the 
rule base of BRBES by employing Structure Optimization based on 
Heuristic Strategy (SOHS) algorithm, which selects the optimum num-
ber of referential values for all the antecedent attributes of BRBES (Yang, 
Wang, Liu, & Martinez, 2018). Large number of referential values may 
lead to over-fitting and small number may result in under-fitting. 
Finding the optimum number of referential values based on training 
error is likely to be misleading because, minimum training error might 
be derived from an over-fitted BRBES. Therefore, generalization error, 
calculated with the Hoeffding inequality theorem (Hoeffding, 1963), has 
been set as a criterion in SOHS algorithm to determine the optimal 
structure of BRBES. This error refers to a prediction model’s general-
ization capability to perform persistently on unseen data (Barron, 1994). 
Moreover, SOHS adds or prunes referential values in a random way to 
enhance diversity of BRBES. We then combine structure optimization 
with parameter optimization to achieve joint optimization through Joint 
Optimization on Parameter and Structure (JOPS) algorithm (Yang et al., 

Table 6 
Rule Base of first BRBES under disjunctive assumption.  

Rule ID Rule Weight IF THEN 
PM′′

2.5 

PM′
2.5 Cloud% RH High Medium Low 

R1  1.0 H H H 1 0 0 
R2  1.0 M M M 0 1 0 
R3  1.0 L L L 0 0 1  

Table 7 
Rule Base of second BRBES under disjunctive assumption.  

Rule 
ID 

Rule 
weight 

IF THEN 

PM′′′
2.5 

PM′′
2.5 Temp 

(oC) 
Wind 
Speed 
(km/h) 

High Medium Low 

R1  1.0 H H H 1 0 0 
R2  1.0 M M M 0 1 0 
R3  1.0 L L L 0 0 1  
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2018). JOPS runs SOHS over a set of DE-optimized BRBESs. Again, DE is 
applied on SOHS optimized set of BRBESs until the stop criterion is met. 
Finally, JOPS selects the BRBES with the lowest error as its output. We 
show the flowchart of this joint optimization process in Fig. 4. 

We evaluate the accuracy of our monitored PM2.5 concentrations 
with three performance metrics: Mean Square Error (MSE), Mean Ab-
solute Error (MAE) and Coefficient of Determination (R2). In terms of 
MSE and MAE, the lower the value is, the better the model is. The value 
of R2 is between 0 and 1 (both inclusive), where 0 means that the model 
does not contain any variation and 1 means representation of all vari-
ations by the model. We compute the difference between actual PM2.5 
and monitored PM2.5 concentrations over n pairs of training dataset to 
calculate theses three metrics, as shown in Eq. (8), (9) and (10). 

MSE =
1
n
∑n

i=1
(pi − ai)

2 (8)  

MAE =

∑n
i=1|pi − ai|

n
(9)  

R2 = 1 −
∑n

i=1(pi − ai)
2

∑n
i=1(pi− p)2 (10) 

Here, ‘p’ and ‘a’ refer to the actual PM2.5 and monitored PM2.5 
respectively. p is the mean of all the actual PM2.5. In (9), |pi - ai| refers to 
the absolute difference between actual and monitored PM2.5 value 
against ith pair. Actual PM2.5 concentrations have been collected from 
the hourly PM2.5 dataset of U.S. Consulate in Shanghai (U.S. Department 
of State Mission China). 

4. Experiments 

We have implemented our combined algorithm with Python 3.6.4 
and C++ programming language. We have processed the satellite im-
ages with OpenCV. Keras library functions have been used to implement 
our customized VGG Net. We have written python script smallervggnet. 
py to build this VGG Net. Next, we have trained and tested this network 
with 3150 satellite images through train.py script. We have classified a 
new satellite image with our trained VGG Net by classify.py script. 
Standard file I/O has been used to feed this classification output to the 
first BRBES (cnn_brb_1.cpp) through a text file. We have written 
cnn_brb_2.cpp to implement second BRBES, which takes the output of 
first BRBES as its input. Wind direction based recalculation of the output 
of second BRBES has also been performed in this cpp file to compute the 
final monitoring value of PM2.5. We demonstrate this code architecture 
through a flow chart in Fig. 5. Source code and Dataset of the satellite 
images are made freely available by the authors here. 

4.1. Dataset 

We have obtained 3-year satellite images of Oriental Pearl Tower, 
Shanghai, China from Planet from January-2014 till December-2016 
(Planet Team., 2017). These 3150 images have been captured by Plan-
etScope, which is a constellation composed by approximately 120 op-
tical satellites operated by Planet (Planet Team and San Francisco, CA, 
USA, 2016). Each PlanetScope satellite is a CubeSat 3U form factor (10 
cm by 10 cm by 30 cm). All the 120 satellites of this constellation have 
the capacity to image 150 million km2 per day collectively. Our obtained 
satellite images are 4-band multispectral images with blue, green, red 
and near-infrared. Pixel resolution of these images is 3 m. Ground 
sample distance is 4 m at reference altitude 475 km. Off-nadir angle 
ranges from 0.4

◦

to 2
◦

. Sun elevation angle ranges from 27.4 to 48.1. 

Fig. 4. Flowchart of Joint Optimization.  
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Range of sun azimuth angle is from 30.5
◦

to 147.5
◦

. These images have 
been captured at various time instances from 09:00 to 17:00 hrs local 
time by PlanetScope satellites. We have collected hourly sensor reading 
of PM2.5 concentrations of Shanghai from the historical dataset of U.S. 
Consulate in Shanghai (U.S. Department of State Mission China). This 
dataset contains hourly PM2.5 concentrations from 0:00 to 23:00 hrs 
over 3-year duration from January 2014 to December-2016. We have 
used these PM2.5 data to train our model to interpret the correlation 
between an image and its corresponding PM2.5 level. Cloud percentage, 
RH, temperature, wind speed and wind direction data of Shanghai have 

been collected from historical weather dataset of Shanghai (World 
Weather Online). 

These 3150 satellite images have been divided into two segments: 
2520 training images and 630 testing images. Based on PM2.5 level, 
these 2520 training images have been divided into three groups: High 
Pollution, Medium Pollution, and Low Pollution. High refers to PM2.5 
more than 55.5 µg/m3, Medium refers to PM2.5 from 35.5 to 55.5 µg/m3, 
and Low refers to PM2.5 below 35.5 µg/m3. These PM2.5 labels have been 
added artificially to the training images to train our VGG Net. We 
illustrate three sample satellite images of Oriental Pearl Tower, 
Shanghai with low, medium and high pollution in Fig. 6. 

4.2. Results 

BRBES outperforms various other Machine Learning techniques, 
such as, Decision Tree, Linear Regression, Random Forest and Artificial 
Neural Network (ANN) by dint of its uncertainty handling mechanism 
(Munrat, 2018). We assess the monitoring accuracy of our model to 
demonstrate the higher efficacy of combination of BRBES and CNN than 
only CNN to analyze satellite images. This higher efficacy is evident in 
Fig. 7, where our proposed combined model shows lower testing dataset 
MSE than only CNN. Table 8 also demonstrates lower testing dataset 
MSE, lower MAE and higher R2 of combined model than only CNN. 

We also apply various types of optimizations on BRBES part of our 
proposed combined model to evaluate the impact of such optimization 

Fig. 5. Code Architecture of the Integrated Approach.  

Fig. 6. Satellite images of Oriental Pearl Tower, Shanghai with low, medium and high air pollution.  

Fig. 7. Mean Square Error (MSE) of CNN as well as Combined BRBES and CNN 
over testing dataset. 
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on monitoring accuracy. As shown in Fig. 8(a), testing dataset MSE of 
disjunctive BRBES is far higher than its conjunctive counterpart. Fig. 8 
(a) shows lower MSE of DE-optimized conjunctive BRBES than its DE- 
optimized disjunctive counterpart. We empirically set population size 
to 64 and number of iterations to 1000 in the DE algorithm. As shown in 
Fig. 8(b), joint optimized conjunctive BRBES offers higher accuracy than 
joint optimized disjunctive BRBES. BRBaDE, a hyper-optimization 
technique, further reduces MSE of both conjunctive and disjunctive 
BRBES under joint optimization, as evident in Fig. 8(b). In this case also, 
conjunctive BRBES far outperforms its disjunctive counterpart in terms 
of PM2.5 monitoring accuracy. This fact is evident from the comparative 
values of MSE, MAE and R2 of different types of BRBES in Table 9. This 
table also demonstrates the lowest MSE, the lowest MAE and the highest 
R2 for conjunctive BRBES, which is joint optimized with BRBaDE-based 
parameter optimization. We compare our model (BRBaDE joint opti-
mized conjunctive BRBES) with Linear Regression, Random Forest, ANN 
and Deep Neural Network (DNN) in terms of testing dataset MSE. We 
train and test Linear Regression, Random Forest, ANN and DNN on a 
dataset which contains PM′

2.5 (predicted by VGG Net), cloud 

percentage, RH, temperature and wind speed as features and actual 
PM2.5 concentration value as output to be predicted. As wind direction 
(north, south, east or west) is a non-numerical value, this feature is not 
included in this dataset. All the values of this dataset are with respect to 
the time instances of 3150 satellite images (as mentioned in sub-section 
4.1), where 80% instances are used for training and the remaining 20% 
for testing. We apply 5-fold cross validation over this dataset while 
training and testing Linear Regression and Random Forest. Objective of 
this cross validation is to reduce the selection bias and prediction vari-
ance. ANN contains 2 hidden layers with 6 neurons each. On the other 
hand, DNN has 8 hidden layers with 24 neurons each. Batch size and 
number of epochs is 32 and 100 respectively for both ANN and DNN. 
ReLU is used as activation function in both the neural networks. We use 
Adam and Adagrad as optimizer in ANN and DNN respectively. All of 
these values and parameters of both ANN and DNN are set empirically. 
Fig. 9 demonstrates the lowest MSE of our model among all these ap-
proaches. Fig. 10 shows a scatter plot of our monitored PM2.5 over 
testing dataset’s 41 days’ actual PM2.5 values. In Fig. 11, we show a 2- 
color scatter plot of actual and monitored PM2.5 values over the same 
41 days from June 1 to December 31, 2016. Both of the scatter plots 
demonstrate proximity of our monitored PM2.5 values to the actual one, 
with average difference of ± 4.90. We also perform real-time validation 
of our proposed model (conjunctive joint optimized BRBES with 
BRBaDE) by employing it on near real-time satellite images of the same 
area of Shanghai. We show the actual and our monitored PM2.5 on 46 

Table 8 
MSE, MAE and R2 of CNN and the Combined Approach.  

Model Performance Metrics 

MSE MAE R2 

CNN 1372  60.21  0.42 
Combined BRBES and CNN 348  14.83  0.76  

Fig. 8. Testing Dataset Mean Square Error (MSE) of Combined BRBES and CNN 
with Conjunctive and Disjunctive BRBES: (a) first two are non-trained and the 
last two with Differential Evolution (DE); (b) all are Joint Optimized (JO), with 
last two having BRB adaptive DE (BRBaDE). 

Table 9 
MSE, MAE and R2 of the Combined Approach with different types of BRBES.  

Model BRBES Type Performance Metrics 

MSE MAE R2 

Combined BRBES and 
CNN 

Conjunctive 348  15.41  0.74 
Disjunctive 6052  149.72  0.08 
Conjunctive (with DE) 119  6.17  0.61 
Disjunctive (with DE) 2361  79.59  0.15 
Conjunctive (JO) 79  5.72  0.81 
Disjunctive (JO) 1737  70.52  0.19 
Conjunctive (JO with 
BRBaDE) 

51  3.96  0.97 

Disjunctive (JO with 
BRBaDE) 

1627  63.29  0.21  

Fig. 9. Comparative evalutation of Testing Dataset Mean Square Error (MSE) of 
the Combined Approach with Linear Regression, Random Forest, ANN 
and DNN. 
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different days between January 1 and June 30, 2017 in Fig. 12. On an 
average, absolute difference between actual and monitored PM2.5 over 
these 46 days is 6.37. Actual PM2.5 dataset of 2017 is taken from the 
website of Mission China air quality monitoring program (U.S. Depart-
ment of State Mission China). More so, as demonstrated in Fig. 13, PM2.5 
monitored by our model on five different days during April 6 to April 17, 
2021 is very close to the actual PM2.5, with average difference within ±
5.51. Satellite images of the same site in Shanghai have been fed to our 
model for real-time validation. Actual PM2.5 data have been collected 
from World Air Map for this purpose (World Air Map). Overall, this sub- 
section gives justification of combining CNN with BRBES by showing 
lower error of the combined approach than CNN as well as other con-
ventional Machine Learning and Deep Learning approaches. It also 

validates the optimization of BRBES by demonstrating the lower error of 
trained BRBES than the non-trained one. Moreover, real-time validation 
of our model justifies its capacity to monitor PM2.5 with improved ac-
curacy at any time. 

5. Discussion 

This research presented a novel predictive analytics algorithm to 
monitor air quality of Shanghai in terms of PM2.5 concentrations directly 
from satellite images, rather than ground sensors. We developed a novel 
mathematical model to combine CNN with BRBES for this purpose. 
Limited spatial coverage and high deployment cost of ground sensors as 
well as error associated with satellite retrieved AOD motivated us to 
propose this combined model. MSE, MAE and R2 were used to evaluate 
the performance of our model to monitor PM2.5 concentrations. Satellite 
images, cloud percentage, RH, temperature and wind speed data of 
Shanghai, China were used to train and test our proposed model. Un-
certainty handling and distinction between cloud and polluted air by 
BRBES has enhanced performance of our proposed combined approach 
over only CNN. We also monitored the continuous changes in the PM2.5 
level of Shanghai by evaluating RH, temperature, wind speed and wind 
direction data. Thus, we investigated correlation among relevant influ-
ential components to monitor PM2.5 in a comprehensive manner. We 
performed comparative evaluation between conjunctive and disjunctive 
BRBES to reduce memory and computational cost. Due to fewer number 
of rules, disjunctive BRBES was unable to distinguish an obscure image 
between cloud and polluted air. Therefore, disjunctive BRBES, despite 
having less memory and computational cost, showed higher monitoring 
error than its conjunctive counterpart. We also customized CNN and 
optimized BRBES separately to increase monitoring accuracy further. As 
CNN model, VGG Net was used due to its higher accuracy to classify 
images. Parameter, structure and joint optimizations were carried out on 
BRBES part to make our model more functional. For parameter opti-
mization, application of BRBaDE, instead of DE, turned out to be pro-
ductive due to BRBaDE’s capacity to hit balance between exploration 
and exploitation. Conjunctive BRBES’s large rule base to deal with 
ambiguity between cloud and polluted air necessitated higher memory 
and computation cost. However, as a trade off for this higher cost, 
conjunctive assumption offered higher monitoring accuracy than 
disjunctive BRBES. In our experiment, among all types of BRBES, joint 
optimized conjuctive BRBES with BRBaDE showed the lowest error. 
Real-time validation of our model with this joint optimized (using 

Fig. 10. Scatter Plot showing our monitored PM2.5 against the actual one over 
testing dataset. 

Fig. 11. Scatter Plot of actual and monitored PM2.5 over 41 days from June 1 to 
December 31, 2016. 

Fig. 12. Real-time PM2.5 monitoring validation of our proposed model from 
January 1 to June 30, 2017. 

Fig. 13. Real-time PM2.5 monitoring validation of our proposed model on five 
different days of April-2021. 
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BRBaDE) conjunctive BRBES proved its reliability to accurately monitor 
PM2.5 of the target place anytime. Our proposed model can be employed 
on other application areas, such as, medical informatics, smart mobility, 
poverty monitoring from satellite images and so on. In future, we plan to 
address training data scarcity by incorporating zero-shot learning, one- 
shot learning, few-shot learning, transfer learning etc. in our model. It 
will make our model more dynamic to monitor air quality of any place 
on the earth at any time. We aspire to investigate whether an obscure 
satellite image can be distinguished between cloud and polluted air 
without relying on ground sensor data, such as RH. The less we can rely 
on ground sensor data, the more our model will be extendable to other 
places. We also intend to analyze traffic congestion from satellite images 
to properly evaluate air quality of modern metropolises, specially during 
peak hours. Air quality monitoring from satellite images during night 
time is also a research challenge for us. In addition, how to increase 
computational and memory efficiency of our model without compro-
mising monitoring accuracy may be a future research direction. 

6. Conclusions 

The research focus of this paper was on the air quality monitoring 
with respect to PM2.5 concentrations with lower error while addressing 
limited spatial coverage of ground sensors and AOD retrieval error. 
Limited spatial coverage was overcome by not relying on ground sensors 
to collect data of PM2.5 concentrations. Instead, CNN was employed to 
predict PM2.5 concentrations directly from satellite images of the 
Shanghai. AOD retrieval error was omitted by utilizing the rule base and 
uncertainty handling capacity of BRBES. A novel mathematical model 
was constructed to combine the output of CNN with BRBES for moni-
toring air quality. An obscure image was distinguished between polluted 
air and cloud through the rule base of first BRBES. CNN was customized 
and BRBES was optimized to improve the monitoring accuracy of this 
integrated model. Satellite images, cloud percentage, RH, temperature 
and wind speed data of Shanghai were used to train and test this model. 
Customization of CNN with respect to number of hidden layers, neurons 
per layer, batch size and epochs resulted in higher accuracy to predict 
PM2.5 concentrations directly from satellite images. Training of BRBES 
was validated by demonstrating its lower error than the non-trained 
BRBES. Among all types of BRBES, joint optimized (with BRBaDE) 
conjucntive BRBES showed the highest accuracy to monitor air quality. 
We attributed this higher accuracy to its large rule base to perform the 
distinction between cloud and polluted air. Addressing the correlation of 
temperature, wind speed and wind direction with PM2.5 in Shanghai also 
contributed to this higher accuracy. Integration of CNN with BRBES was 
justified by showing the lower error of the combined approach than only 
CNN as well as other conventional Machine Learning and Deep Learning 
approaches to monitor air quality. As evident in Fig. 9, our proposed 
combined approach showed 96.28%, 96.25% and 96.76% lower moni-
toring error with respect to CNN, Linear Regression, and Random Forest 
respectively. Real-time validation of the combined model on near real- 
time satellite images proved the model’s robustness beyond training 
and testing dataset. Main contributions of this study are stated below.  

(1) Satellite images, instead of ground sensors, have been used to 
overcome spatial coverage limitation and AOD retrieval error 
while monitoring air quality.  

(2) We customized various parameters of CNN to analyze satellite 
images.  

(3) We developed a novel mathematical model to integrate CNN with 
BRBES.  

(4) We assessed RH value to distinguish an obscure satellite image 
between cloud and polluted air.  

(5) We addressed sensor data uncertainties concerning RH, cloud, 
temperature and wind speed through the inference mechanism of 
BRBES.  

(6) We took into account the impact of temperature, wind speed and 
wind direction on PM2.5 in the local geographical context of 
Shanghai, resulting in more realistic monitoring output. 

This study necessitated high computational cost and memory re-
quirements to monitor air quality. Numerous training and testing sat-
ellite images to train and test the CNN as well as large rule base of 
conjunctive BRBES triggered this high computation and memory space. 
Few-shot learning and intelligent rule base can be employed to address 
this shortcoming. Moreover, this integrated model was not extendable to 
other places as it was trained by satellite images as well as the rela-
tionship of PM2.5 with RH, temperature, wind speed and wind direction 
of Shanghai only. Transfer learning can be an option to address this 
limitation. These are the points which merit further investigation. 
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