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1. Introduction

Abstract

Air pollutants, particularly particulate matter with a diameter of
less than 2.5 microns (PM2.5), have been linked to a number of
negative climatic and health effects, including irritation and
damage to internal organs in the short and long term. Knowing
current and future levels of PM2.5 is therefore crucial for both
public health and environmental management. Photos of the sky
and buildings can aid in assessing visibility and air quality
because PM2.5 alters the appearance of the sky and its
surroundings. This research proposes a method that employs
digital images to not only estimate but also forecast PM2.5
concentration levels using deep learning technologies. A
convolutional neural network (CNN) was used as the base layer
to automatically extract image features, while a long short-term
memory (LSTM) network was used as the output layer to
analyze the sequence of features. The sky and its surroundings
were captured hourly from a high-rise building in Bangkok,
Thailand, and the ground-truth PM2.5 data were obtained from
the nearest monitoring station facing the same direction. The
experimental results show that the hybrid CNN and LSTM
model outperformed conventional CNN models in estimating
and forecasting PM2.5 levels by 5% and 30%, respectively.

Air pollutants, particularly PM2.5, have been demonstrated to be detrimental to human health,
causing short- and long-term irritation and damage to internal organs such as the heart and lungs, as
well as being linked to neurological disorders [1-3]. Health consequences can be fatal, while
environmental consequences can both sustain and contribute to climate change [4, 5]. These negative
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consequences have sparked particular concern on a global, regional, and local scale. As a result, it
is crucial to take public action and raise public awareness because the PM2.5 problem is worsening
by the day in many rapidly expanding cities. PM2.5 concentrations must be measured for people to
take the necessary precautions and make preparations. When PM2.5 levels are high, it is advisable
to stay indoors to reduce exposure. However, because monitoring stations that regularly report
PM2.5 levels are expensive to construct, they are few and far between [6].

For decades, considerable research has been undertaken on developing scientific models
to estimate and forecast PM2.5 concentration levels using data from a variety of sources, including
air-quality monitoring stations, meteorological stations, and satellite data. Chemical transport-based
atmospheric dispersion models, which use equations to simulate the movement and diffusion of
particulate matter from emission sources, have long been used by government agencies around the
world [7]. In contrast, machine learning models trained on meteorological conditions and past
observation data can provide high-accuracy real-time predictions [8, 9]. Machine learning and deep
learning can now effectively discover complex patterns and relationships in order to support precise
predictions because of increased data availability and computing power.

PM2.5 has long been recognized as one of the causes of smog, particularly in urban areas
[10]. Because particles scatter and absorb light, a high concentration of particulate matter in the air
can limit visibility. During the most recent COVID-19 lockdown episode, lower PM2.5 levels were
reported as visibility increased in Wuhan, China [11]. Photos of the sky and buildings can aid in
assessing visibility and air quality because PM2.5 alters the appearance of the sky and its
surroundings. When the sky is clear and blue and the buildings are clearly visible, this generally
indicates good visibility and air quality. If the sky appears hazy or orange and the buildings appear
dusty, this may indicate the presence of pollutants or particles in the air. Figures 1 and 2 highlight
our point by comparing images taken at the same time on different days with varying levels of
PM2.5. Because IP cameras are omnipresent in metropolitan areas and regularly record digital
images of the sky and nearby structures, the cost of digital image acquisition is low. As a matter of
fact, digital photographs may be a low-cost solution to represent PM2.5 concentration levels. To
effectively use these digital images, efficient image analysis and processing algorithms to interpret
sky photos are required.

Image-based machine learning algorithms, which employ satellite or ground-based
imagery to estimate particle levels, have shown good potential despite not being as accurate as
monitoring-based models. Image-based machine learning may be used to identify patterns and
connections in data that humans cannot see, and it can be trained to make predictions based on these
patterns. It is important to note, however, that these models still need to be validated or verified
against ground measurement data in order to ensure their correctness and trustworthiness. Prior
machine learning work has taken two approaches: traditional computer vision algorithms that
require explicit feature extraction and end-to-end deep learning algorithms, in which neural
networks are used to automatically extract features.

In the traditional approach, a number of key features representing visual cues for PM2.5
are extracted from images. Liu et al. [12] used a variety of image-processing algorithms to determine
the transmission index, image contrast, image entropy, sky smoothness, sky color, and sun angle of
images of city photos. Support vector regressors were trained on these features, and the results
confirmed that the approach could be used to predict PM2.5 based on the images. He et al. [13]
analyzed six features of brightness and colorfulness from images taken with a camera and a
smartphone, and ran those features through a recurrent fuzzy neural network. Using artificial neural
networks, Chen ef al. [14] and Wang et al. [15] developed models that were trained on spatial and
transform-based entropy features derived from a saturation map extracted in hue-saturation-value
color space.
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Figure 2. At2 p.m.on December 11,2019, the PM2.5 level was 49 pg/m?.

Yao et al. [16] presented techniques to analyze a number of smartphone images from
random places. Atmospheric measures such as local transmission index and local extinction index
were paired with weak cues such as sky discoloration, luminance gradients, and structural
information loss. Support vector regression and random forests were also used in addition to neural
networks. These investigations pointed out that the retrieved features must be based on certain
hypotheses, such as those relating to colors and light transmission. However, due to regional and
temporal changes, they might not always be applicable.

The end-to-end deep learning approach has gained popularity over the past few years. Deep
learning models, notably convolutional neural networks (CNNs), have demonstrated impressive
performance in image analysis [17]. Furthermore, CNNs have a proven track record of success in
weather and climate applications [18]. The strengths of CNNs lie in their automated learning of
hierarchical data representations, which capture both local and global patterns in visual data. Spatial
variation in the appearance of the sky across different regions of a photograph may reflect the
position of the sun and objects, the intensity of sunlight, weather conditions, atmospheric
phenomena, and of course, the presence of air pollution.

It is not a surprise that convolutional neural networks and their variants are the best-suited
architecture for this type of image-based learning. Zhang et al. [19, 20] were among the first to use
this approach. The authors specifically designed ensemble CNN classifiers and an activation
function that were optimized for air quality estimation work. However, they did not try to predict
PM2.5 levels in numbers but instead as ordinal classes. Jiang et al. [21] devised a spatiotemporal
contrastive learning method to pre-train CNN from unlabeled satellite imagery, then used the CNN
in supervised learning to achieve lower spatial errors as the number of stations increased. According
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to Zaini et al. [22], hybrid deep learning could predict air quality more precisely than individual
network models, and the trend is moving in that direction. Chen et al. [23] tried to generate
propagation heat maps of PM2.5 based on a convolutional recursive neural network that used
recursive layers as output layers, similar to ours.

Long short-term memory (LSTM) and its hybrid versions are frequently used in time series
predictions due to their ability to interpret sequential data, resulting in their widespread applications
in PM2.5 concentration predictions, for example in Jiang et al. [24] and Shi ef al. [25], to name a
few. LSTM nodes are utilized to capture relationships between image pixels because of their
capacity to do so. By using sequential models such as the LSTM together with the CNN model, we
anticipated that the hybrid model would be able to learn more aspects of the relationship among
pixels than either model alone. Song ef al. [26] took a step further by integrating Residual Network
(ResNet) with LSTM, extracting spatial-temporal features of sequential daytime and nighttime
images taken from smartphones, as opposed to ours, which uses a single image as a predictor. In
Won et al. [27], CCTV image data was fed into a modified VGG-16 model, while weather data was
fed into an LSTM model, and both were combined to predict PM2.5 and PM 10, yielding an amazing
result.

In light of this, we proposed a hybrid deep neural network model that integrates CNN and
LSTM networks into a single model to investigate the effectiveness of using IP camera images to
estimate and forecast PM2.5 concentration levels. The regression model can be used to estimate air
quality in areas where monitoring stations do not exist or are not dense enough to offer a detailed
and immediate assessment of the quality of the air. To keep the system simple in terms of both
memory and computation requirements so that we could deploy the model on a simple edge device,
we aimed at creating a model that used only a single image, not a sequence of images, to estimate
PM2.5 levels. The experimental area was located in one of Bangkok’s most congested areas.
Furthermore, the hybrid model’s performance was compared to that of the conventional CNN
model.

2. Materials and Methods

The materials and processes used to estimate and forecast PM2.5 concentration levels from pictures
are described in this Section. In comparison to a convolutional neural network, the hybrid
convolutional neural network and long short-term memory neural network, and also the evaluation
metrics utilized in the experiments, are described.

2.1 Study area and data acquisition

The study location was in the heart of Bangkok, Thailand’s capital, and commercial center. This
study made use of two types of data: PM2.5 observational data (as PM2.5 labels) and skyline
photographs. From August 2019 to December 2019, the Pollution Control Department of Thailand’s
Ministry of Natural Resources and Environment published hourly observation data on PM2.5
concentrations. The PM2.5 monitoring station was at Chokchai Police Station and was a permanent-
type roadside air quality station with a 3-m high PM2.5 collection point. The IP camera was mounted
in the direction of the monitoring station from the 18" level of a 19-story building, as shown in
Figure 3. The forward fill method was used to fill in the missing PM2.5 values from the station.
Images were taken on the hour to match the hourly PM2.5 measurements. As this was a regression
task, we used the images as the input of the model to predict the current and future values of PM2.5
which were the target values of the model. Therefore, the current and future values of PM2.5 were
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Figure 3. The angle of the camera and the location of the PM2.5 monitoring station

treated as the labels of the corresponding images. However, missing photos, maybe owing to a power
outage, could not be restored, and the necessary entries were lost. We only used the data between
the hours of 7 a.m. and 6 p.m. because the photographs were too dark otherwise. A total of 1690
hours of observation and photography were collected.

Figure 4 shows the trend of PM2.5 observation data from the monitoring station from
August 2, 2019, at 12 p.m., to December 30, 2019, at 6 p.m. During both the rainy and winter
seasons, the five-month data set included PM2.5 concentration values ranging from 2 to 99 pug/m?.
This was beneficial to our work because we were able to instruct the models about good and bad air
quality instances. The average PM2.5 concentration was 24.04 pg/m?, with a standard deviation of
14.96 ng/m®. Figure 5 depicts one-day hourly IP camera photographs, as well as PM2.5
concentration values from the monitoring station on September 27, 2019. Air pollution appeared to
turn the sky orange but determining the exact PM2.5 levels using the naked eyes was challenging.

2.2 Convolutional neural network

Convolutional neural networks (CNNs) have been shown to be highly effective in image processing
[17]. The goal of CNN is to capture image features through a series of convolutional and pooling
operations. The convolution operation can be essentially seen as a low-pass filter process in which
a filter with coefficients learned from the data is applied to the image. By applying the filter to the
image, the output from the convolution operation, which we call the feature map, can represent some
characteristics of the original image.

Although the feature map from the convolution layer can be representative of the original
image, in many cases it still contains too much information. As a result, CNN usually has a pooling
layer next to the convolution layer to down-sample the resolution of the feature map so that we can get
a more compact representation of the original image.

Figure 6 illustrates the operations of a convolution layer followed by a pooling layer. In the
convolution layer, the input image is convolved with the filters, resulting in a filtered feature map.
Then, in the pooling layer, the resolution of the feature map is downsampled to remove the redundant
information. Note that in this illustration, we show the max-pooling method. Practically, we can add
several sets of a convolution layer and a pooling layer to form the deep network operation.
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Figure 4. PM2.5 concentration levels data from the monitoring station from August 2, 2019, to
December 30, 2019
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Figure 5. One-day hourly photographs from the IP camera along with PM2.5 readings from the
monitoring station on September 27, 2019
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Figure 6. Convolution and pooling processes in a convolutional neural network (CNN)
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2.3 Long short-term memory neural network

To analyze sequential data that contains ordinal relationships across samples, we require a particular
neural network called recurrent neural networks (RNN). RNN uses hidden states to store the
previous data, allowing the network to produce output based on both the current input and previous
information. However, RNN cannot effectively deal with long-term dependencies [28], a situation
which is the so-called vanishing gradient problem.

To solve this problem, Hochreiter and Schmidhuber [29] proposed the long short-term
memory (LSTM) unit, which gave rise to the name of the LSTM neural network, which employs this
unit as one of its main components. The LSTM unit generally consists of four basic components, i.e.,
a memory cell, an input gate, an output gate, and a forget gate, as shown in the diagram in Figure 7.
Let X;, Y;, and C; represent the input, output, and state of an LSTM cell at time t, respectively.

Ci (x) () c

Forget gate Output gate

Yioo J\
+

Xt

Input gate

Y:

Figure 7. A simplified diagram of a long short-term memory neural network (LSTM) unit

Through the feedback path, the unit receives current input X;, previous state information
C:_4, and previous output Y;_;. The forget gate is used to control the impact of the previous state,
C;_1, which is determined by Y;_; and X;. The output from the forget gate, f;, is used to modulate
the value of C;_;. The value of f; is obtained from a sigmoid function f; = o(Y;_1,X;), and as a
result, the value of f; is between 0 and 1. When f, is small, the value of C,_; is attenuated after the
multiplication. On the contrary, when f; is large, C;_, will not be attenuated much. As a result, we
can see that f; behaves as a gate controller. When we want to forget the previous state, we attenuate
the value of C;_, through a small f;.

After the forget gate modifies the value of C,_;, we generate the current state C; from
Ci_1, Y;_, and X;. The input gate generates a signal by considering the value of Y;_, and X;. Then,
this value is used to add with the modified C;_; to generate the current state C;. Finally, the output
gate generates the current output Y, from C, ¥;_;, and X,.

Due to the feedback mechanism of the state signal, the previous state can be used as a
representative of the previous information of the unit. In this study, we used LSTM to model the
changes in the vertical sky profile to improve the concentration predictions.

2.4 Hybrid convolutional neural network and long short-term memory neural network

Long short-term memory (LSTM) has been used for sequence input/output prediction, but it can also
be used to learn spatial feature representation for image learning, as seen in Zhao et al. [30]. The
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diagram of the proposed model is shown in Figure 8. The input image was fed to CNN to generate the
feature map. The feature map was then divided vertically into n sections; in this study, going through
a hyperparameter search, n = 9 was used. The array of the vertical strips of the feature map was used
as a sequential dataset supplied to the LSTM model. By doing so, we enabled the LSTM model to
sequentially analyze the vertical profile of the sky. Employing both CNN and LSTM together to
capture the features of the image allowed the hybrid model to learn the representation more effectively
than a single conventional model. Note that the usage of LSTM here differs from that of the
conventional approach in which LSTM is used to process a sequence of data. Here, we use LSTM
to process a sequence of vertical strips of a single image. The aim of adding an LSTM layer to the
model is to enhance its capability to capture the features of the image.

The architecture of the neural network model is shown in Figure 9. The input image,
downsampled from the original image from the camera, was of the size HxWxC = [256x256x3],
where H, W, and C are height, width, and the number of channels of the image, respectively. Each
CNN unit made use of 3x3 kernel. We used three CNN layers to capture the feature map from the
input image. Then, the feature map was sent to a single-layer LSTM. All the activation functions
were rectified linear units (ReLU). An Adam optimizer with a learning rate of 0.0001 was used to
train the hybrid model.

LSTM model

Input image Feature map Y"l

CNN model

e &Crvmiﬂl

: PM25
I X" concatration
- 3 ] LSTM model |——onu
¥

Figure 8. Illustrative diagram of the proposed hybrid CNN-LSTM model
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Input image LSTM layer
sequences Convolutional layer  Convolutional layer  Convolutional layer
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optimizers = adam, learning rate = 0.0001

Figure 9. The architecture of the proposed hybrid CNN-LSTM neural network model
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2.5 Evaluation metrics

The following measures are performance metrics used to evaluate our methods, where n is the total
number of samples.

2.5.1 Root mean square error (RMSE)

In equation (1), RMSE is the square root of the mean squared error (MSE), which is the average squared
difference between the predicted PM2.5 values (¥;) and the true (observed) PM2.5 values (Y;). RMSE
is excellent at measuring the magnitude of prediction errors because it penalizes large errors.

1)
RMSE =

2.5.2 Mean absolute error (MAE)

In equation (2), MAE is the average absolute difference between the predicted PM2.5 values (¥;)
and the true PM2.5 values (Y;).

i )
waE =Y 17~
ni:l

2.5.3 Mean absolute percentage error (MAPE)

In equation (3), MAPE is the average absolute percentage error between the predicted PM2.5 values
(¥;) and the true (observed) PM2.5 values (Y;). MAPE is scale independent since it normalizes each
error by its true value.

>

3)

~

n
100 |V - V3]
MAPE=—Z
nL Y
1=

While MAPE is expressed as a percentage, the units of RMSE and MAE are the same as
the values we predict or forecast, which in this case are micrograms per cubic meter (pg/m’). We
are now ready to discuss the experimental results.

3. Results and Discussion

We chose four months of data between August 2, 2019, at 12 p.m., and December 1, 2019, at 10
a.m. for training, corresponding to 1352 images, and the remaining month for testing, corresponding
to 338 images. As can be seen from Figure 4, the range of PM2.5 concentrations was the same in
training and testing data sets; both were positively skewed. However, the test data had higher PM2.5
levels on average. Each model was trained to predict the current day and the next day’s PM2.5
levels. The target results of the models were referred to as estimated current values (t+0) and forecast
values for the next 24 h or 24-h forecast (t+24). PM2.5 levels are normally expected for the next
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several hours ahead for public preventive measures. Forecasting too far into the future may not
create enough urgency for public attention, and the outcomes are generally less accurate. The
concept of forecasting next-day PM2.5 levels arises from the fact that the PM2.5 cycle normally
repeats every day. The levels of PM2.5 in the mornings of today and tomorrow are highly correlated.
For example, the correlation coefficient between t+0 and t+24 PM2.5 values in our data was
approximately 0.65.

Models were tuned using the training data, and predictions were produced using only the
test data. Table 1 shows the results of the hybrid model (CNN+LSTM) compared with those of the
CNN model alone. In this study, we evaluated the performance of the models in two respects. First,
we assessed the performance of the models in estimating the current level of PM2.5 from the
captured image. The results are shown in the columns “Estimated Current (t+0)” in Table 1. We
found that the proposed hybrid model outperformed the conventional CNN model by almost 5% in
both RMSE and MAE. However, in the case of MAPE, both models yielded similar results. This
could result from the fact that the error of the CNN occurred when the actual concentration was
relatively large. As MAPE was obtained from the error divided by its actual value, when we divided
the error by the large actual value, the result became smaller.

In the second experiment, in which we examined model forecasting performance, the
hybrid model clearly outperformed the conventional CNN model. Based on the current image, the
models forecast the PM2.5 concentration for the next 24 h. The results are displayed in the columns
“24-hour Forecast (t+24)” in Table 1. The hybrid model yielded better results in all three evaluation
metrics. In terms of RMSE and MAE, the hybrid model significantly outperformed the CNN model
by nearly 30%. Furthermore, the MAPE of the hybrid model was 8% lower than that of the CNN
model. The big improvement over the CNN model for the forecasting experiment justified the fact
that the LSTM in the hybrid CNN+LSTM model had taken advantage of the vertical sky profile
sequence of the photographs.

Forecasting 24 h ahead was less accurate than estimating the present concentration from
the image, as expected, but unlike the CNN standalone model, the hybrid model’s forecasting
performance was not far off from the estimate performance (less than 2 pg/m* in both RMSE and
MAE). Previous research done in the Bangkok area using machine learning models to fit MODIS
satellite data and other meteorological data [31] achieved RMSE values of 6 to 13 pg/m? depending
on the season, with a larger number in the winter when PM2.5 levels were high. Our proposed
models, also tested on winter data, produced comparable results while eliminating the collection of
costly data.

To visually compare the prediction performance, allowing us to inspect insights from the
individual predictions, Figures 10 and 11 depict the scatter plots between the true values (X-axis)
and the predicted (forecast) values (Y-axis), as well as the percentages of underestimation, exact
estimation, and overestimation. The straight line represents the slope 1 line, with points above the
line indicating overestimations (predictions higher than actual values), points below the line
indicating underestimations, and points on the line indicating accurate estimations.

Table 1. Performance of the CNN and the CNN+LSTM models on the test data set

Metrics Estimated Current (t+0) 24-hour Forecast (t+24)
CNN CNN+LSTM CNN CNN+LSTM

RMSE (ug/m®) 11.13 10.53 16.42 12.39

MAE (pg/m?) 8.08 7.57 13.26 9.10

MAPE (%) 24.60 24.39 35.57 27.38

10
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Figure 10. The scatter plot of true values vs. estimation values and the underestimation, exact
estimation, and overestimation percentages of: (A) the CNN model; and (B) the CNN+LSTM
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Comparing the scatter plots in Figure 10, we found that the CNN+LSTM model yielded
relatively more accurate predictions, as seen from the fact that there were a larger number of points
located around the line with slope 1. The CNN+LSTM model's underestimation and overestimation
rates were equivalent, but the CNN model largely generated underestimations, as seen on the pie
charts, mostly due to its ability to infer haze features from images.

It is worth noting that both models made more accurate predictions at low values whereas
at higher values, most of the predictions were underestimations, particularly the CNN model.
When it came to the 24-h forecast, as shown in Figure 11, the CNN model significantly
underestimated the values in about 86% of the cases, but the CNN+LSTM model's underestimation
and overestimation only differed by about 5%. The CNN model’s forecasting performance had
dropped in comparison to its estimate performance, resulting in substantial residuals that explained
the three-evaluation metrics. The hybrid model, on the other hand, still produced nearly correct
forecasts even at high concentrations, as demonstrated by the fact that, at high concentrations, the
CNN+LSTM model made predictions that occurred close to slope 1 line. With the help of LSTM,
CNN learned abstract features and concepts that indicated the high PM2.5 concentrations in certain
picture pixels.

Figures 12 (A), (B), and (C) show examples of underestimation, exact estimation, and
overestimation of current PM2.5 concentration values from the CNN+LSTM model. It is possible
that the fact that the sky was blue and had lovely fluffy clouds contributed to Figure 12 (A)’s
underestimation. Although the 59 pg/m?® in this case was underestimated by 21 pg/m?, it is still
thought to be significant enough to prompt a healthy alert. The fact that there was no cloud and it
appeared gloomy, especially at the skyline close to the structures, may be what caused the small
overestimation in Figure 12 (C).

Figure 12. (A) An underestimation of CNN+LSTM: the true value of 80 pg/m* was predicted to
be 59 pug/m?; (B) an exact estimation of CNN+LSTM - 11 pg/m?; and (C) an overestimation of
CNN-+LSTM: the true value of 49 pg/m® was predicted to be 56 pug/m?>.

In another experiment to analyze the predictions of PM2.5 concentrations according to
collection periods and lighting conditions shown in Table 2, the evaluation metrics were measured
at three different times: from 7 a.m. to 9 a.m., which represented early morning; from 10 a.m. to 2
p-m., which represented midday; and from 3 p.m. to 6 p.m., which represented late afternoon and
evening. The performance results were similar to previous experimental studies, in which the hybrid
model outperformed the standalone model by a small margin for estimation but by a larger margin
for forecasting. Nevertheless, it is noteworthy to observe a fascinating aspect. For all the metrics,
morning estimates and 24-h forecasts were typically the poorest, followed by midday, and evening
estimates and forecasts had the best performance. There are a number of factors that could
potentially contribute to this phenomenon. Firstly, the orientation of the IP camera was northward,
directly facing the rising sun during the morning hours. Thus, on days with fewer clouds, the intense
sunlight could potentially mitigate the influence of minute airborne particles on the appearance,
color, and texture of the sky and buildings, thereby resulting in underestimations from the models.
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Table 2. Performance of the CNN and the CNN+LSTM models on the test data set at three different
collection periods: from 7 a.m. to 9 a.m., from 10 a.m. to 2 p.m., and from 3 p.m. to 6 p.m.

Metrics Collection Estimated Current (t+0) 24-hour Forecast (t+24)
Periods CNN CNN+LSTM CNN CNN+LSTM

7a.m-9 a.m. 14.83 13.86 19.46 16.26
RS 10am-2pm. 11.55 11.06 17.88 12.99
(e/m) 3 m—6pm. 6.36 6.03 11.24 7.22
MAE a&m-9am. 11.18 10.43 16.36 12.52
oy 10am-2pm. 8.79 8.34 14.23 9.96
(hg 3 p.m.—6 p.m. 4.88 4.50 9.75 5.48
MAPE 7 &m-9am. 28.78 30.23 3453 32.75
% 10 a.m.~2 p.m. 26.91 26.90 36.90 30.32
3 p.m.—6 p.m. 18.62 16.93 34.69 19.71

Secondly, it is worth noting that morning PM2.5 levels tended to be higher compared to the
afternoon, leading to greater differences in model projections during the morning as opposed to
midday or evening collection periods.

4. Conclusions

In this paper, we investigated the potential of using photos of surrounding buildings and the sky as
a low-cost alternative to estimate and forecast the concentration level of particulate matter less than
2.5 diameters (PM2.5). To examine the representation of haze in digital photos captured by an IP
camera over a five-month period in Bangkok, a hybrid of a convolutional neural network (CNN)
and a long short-term memory neural network (LSTM) architectural model were proposed. Based
on experimental results validated using data from a nearby air quality monitoring station, the
proposed hybrid architecture outperformed the conventional CNN architecture. Within an order of
magnitude error, the hybrid model was able to estimate the current PM2.5 levels and forecast the
next day’s PM2.5 levels based on the present captured image. Our contribution can assist the public
in recognizing the health risks posed by particulate matter over time without relying on official
statistics from authorities alone. The image-based approach in this study still has room for
improvement. In future work, we can use traditional computer vision techniques to extract features
from sky photographs to enhance the abstract features provided by CNN layers. A succession of
camera photos may also be utilized to improve prediction accuracy.

Note that the proposed model serves as the prototype for confirming the feasibility of the
system. Further considerations and improvements should be made before implementing the
suggested model on the actual sites to ensure its applicability in different working conditions. For
example, with different levels of lighting exposure on different sites, the model can mistakenly label
low-level exposure images as high PM2.5 concentrations images. Some normalization methods,
such as batch normalization layers, can be used to allow the model to capture the variance of the
sky caused by the varied PM2.5 levels after eliminating the impact of the background exposure.

In future works, we plan to investigate the performance of other recently proposed neural
network models for sequential data processing, including Transformer, as discussed in Zeng et al.
[32]. Furthermore, to reduce the impact of lighting in different areas, image lighting exposure
normalization algorithms should be investigated or included into the model to diminish the impact
of different lighting exposures in different areas.
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