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Air pollution is a growing issue in the world, causing cancer, asthma, and overall mortality rates to increase, as a result
of increased burning of fossil fuels and released toxins from human activity. In order to prevent more people from health
deterioration from air pollution, awareness about it must be raised in daily life. This leads to the argument of this paper, which
is that awareness must be spread about air pollution, and, in order to do that, this paper has the goal of using machine learning
to predict air pollution, specifically carbon dioxide, in the future in Cupertino, California. To develop the machine learning
model, a dataset recording air pollutants from 2013 to 2018 was used. Then, we created a convolutional neural network, a Long
Short-Term Memory model, and a Gated Recurrent Unit model for forecasting. By experimenting with hyperparameter numbers
in the neural networks, we were able to create a machine learning model that was able to accurately predict carbon dioxide levels
years well into the future. The model predicted a continuous rise of carbon dioxide, forecasting that in 2030, carbon dioxide
levels will rise to around 450 to 525ppm. This suggests that, without interference, carbon dioxide levels will only rise and cause

more harm.
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Introduction

With climate change rapidly changing the earth’s environ-
ment, air pollution and its threats to the environment and
population are becoming clearer annually. Scientifically, air
pollution is the contamination of air from harmful or toxic
substances. This can refer to a number of different pollu-
tants, including organic compounds and chemicals, like car-
bon monoxide (CO) or ground-level ozone I Different pollu-
tants pose different effects on human health, but all are dan-
gerous. For example, particulate matter 2.5 (PM2.5) is linked
to cancer, while CO is linked to pneumoniaz.

Throughout the years, the cause of air pollution has been
repeatedly linked to human activity3. Such activities include
driving, cement production, and agriculture. These not only
cause air pollution by releasing toxins, but also by destroy-
ing plants, which help filter air by absorbing carbon dioxide
(CO2).

Additionally, climate change leads to severe weather
changes and natural disasters, which can contribute to even
more air pollution. For example, forest fires are becoming
more frequent as global temperatures warm, which further de-
stroy plants and release many toxins into the air as well*.

Air pollution causes a multitude of problems for human
health. This is especially prominent in places with higher lev-
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els of air pollution, such as large cities due to high human

activity or agricultural areas due to farm emissions”>.

Areas like these see higher rates of respiratory disease, car-
diovascular disease, inflammation, asthma and overall higher
mortality rates in populations®. Worldwide, air pollution is
the cause of 3.7 premature deaths yearly’.

In the past century, scientists have been innovating ideas
to prevent and improve air pollution, along with protecting
humans from it. After discovering the direct link between cer-
tain activities—such as burning fossil fuels—and air pollution,
scientists have started encouraging mitigation and adaptation.
Regarding mitigation, actions include reducing fossil fuel con-
sumption or using more energy efficient resources®. For adap-
tation against air pollution, solutions such as wearing masks
and staying aware of air quality are extremely useful.

Efforts in informing populations about air pollution have
been successful, however, many people still overlook it or are
not fully aware of its impact”. This is widely due to many
people not being directly affected by air pollution, but with air
quality worsening in many parts of the world, this ignorance
may become dangerous.

This study focuses on taking data from the previous decade
to predict future air quality in California, specifically CO2 lev-
els, using machine learning, so that people will not only be
aware of the current air quality in their area, but also future air
quality and how to prepare for it.
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Other research papers that have discussed this topic in-
clude the following: A Machine Learning Approach to Pre-
dict Air Quality in California, Short-term Air Quality Predic-
tion Based on EMD-transformer-BiLSTM, and Image-based
Air Quality Prediction Using Convolutional Neural Networks
and Machine Learning. All of these research papers surround
using types of machine learning to forecast air quality.

The first research paper, A Machine Learning Approach
to Predict Air Quality in California, uses support vector re-
gression models and radial basis functions to predict pollutant
concentrations in California. The study utilized support vec-
tor regression models because of its advantages in forecasting
such as faster training and smaller number of free parame-
ters. While not named, the dataset used in this paper is ex-
tracted from EPA’s air quality, and contains hourly measure-
ments of CO, sulfur dioxide (SO2), nitrogen dioxide (NO2),
ground-level ozone, PM2.5, temperature, humidity, and wind
in California from January 1, 2016 to May 1, 2018. This paper
measures all of the pollutants in the dataset: CO, SO2, NO2,
ground-level ozone, and PM2.5. It does not measure CO2,
like in our paper. The results show a prediction of CO, SO2,
and ground-level ozone staying constant and NO2 and PM2.5
decreasing. It is important to note that this study’s machine
learning model’s predictions are hourly and short-term '°.

Short-term Air Quality Prediction Based on EMD-
transformer-BiLSTM, on the other hand, used different types
of machine learning models: empirical mode decomposition
(EMD) transformers and bi-directional long short-term mem-
ory (BiLSTM) networks. The overall goal, though, is simi-
lar to the previous paper’s with short term predictions rather
than long term ones. Both types of machine learning mod-
els have their own role. The EMD is used to obtain intrinsic
mode functions and balance performance stability with com-
putational complexity while the BiILSTM is used to prevent
gradient disappearance, forget nonessential information, and
retain critical information. The dataset used here contains the
air quality index (AQI) of Patna, India from 6:00am on Octo-
ber 3, 2015 to 12:00 pm on July 1, 2020'!.

Finally, for Image-based Air Quality Prediction Using Con-
volutional Neural Networks and Machine Learning, instead
of using number values as data, the paper predicts air qual-
ity based on image data. This research paper utilizes con-
volutional neural networks (CNN) in their machine learning,
along with structural equation modeling-partial least squares
analysis. This technique was chosen in order to optimize the
variance of latent criterion variables, expounded through la-
tent predictor variables. Rather than focusing on a specific
pollutant, this paper focuses on overall air quality, tempera-
ture, and humidity. The data of this paper is self-collected,
with thousands of photos taken from mobile phones and then
processed to remove noise or filters. The study is able to cre-
ate a reliable image-based model that can accurately predict

air quality 2.

All three of these papers, along with this paper, have a com-
mon goal of spreading awareness and informing the public on
air quality. However, this research paper is intended to be
local and city-specific, so that predictions are not only more
personal, but also more accurate. This will allow more people
to understand air pollution as a whole, how it directly affects
them, and how to act accordingly.

Regarding the methodology, for the machine learning
model, this study used a one-dimensional sequential CNN,
one-dimensional LSTM, and a one-dimensional gated recur-
rent unit (GRU). CNNs are comprised of neurons that self-
optimise through learning. In a CNN, every neuron receives
an input and, based on that input, “learns” and makes a change
to the model. This style of self-optimization makes CNNs
a strong choice for prediction machine learning models'3.
LSTMs work differently by remembering data and filtering
out irrelevant data. While they are more complex and take
longer to train, this ability to retain critical information al-
lows LSTMs to be one of the most preferred machine learning
model types for time-series forecasting'*. GRUs are similar
to LSTMs but merge the forget gate and the input gate, so that
the network is much simpler and efficient. This makes LSTMs
a popular choice in time-series forecasting as well 1.

Methodology

In order to predict future trends in air quality, this study uti-
lized dataset machine learning. The study’s structure was lon-
gitudinal, using previous data to predict future behaviors and
trends.

The dataset used for this study is titled Raw EPA California
Air Quality (Daily: 2013-2024) from kaggle.com'®. In the
dataset, there are measurements of different types of pollutants
at different times in different cities of California from 2013 to
2024. This is a considerably recent dataset and will enable
accurate prediction of air quality. It is formatted as a CSV, or
comma-separated values dataset.

There are a total of 11 total column types in the dataset:
latitude, longitude, parameter (pollutant type), sample dura-
tion (time period), pollutant standard (measurement metric),
date local, units of measure, arithmetic mean (average mea-
surement), first max value (maximum recorded measurement),
state, and city.

In total there are 8,214,128 entries, giving a wide selection
of places, times, and pollutants to choose from when work-
ing on machine learning. However, there are many duplicate
entries, having up to 63485.

The trends that seemed to have the most duplicated data was
in 1-hour measurements, microgram measurements, and dur-
ing the COVID-19 pandemic, or 2020 to 2023. The duplicity
percentages for all these categories was around 1-2%, while
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all other categories consistently stayed under 1%. When com-
paring all the duplicate data in the dataset to the dataset as a
whole, the percentage is quite small, taking up only 0.77%.
However, to prevent temporal weight bias, we averaged the
data into weekly data to naturally average out duplicate data.
While this significantly reduced the number of datapoints, the
number was sufficient for this research.
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Figure. 1 Histogram for duplication percentage in sample duration
(left)

We decided to focus on CO2 levels in the city of Cupertino,
so from the 11 columns of variables, many were dropped for
our models, leaving only the amount of CO2 and date. In this
situation, the independent variable would be the date, while
the dependent variable is the CO2 level. This selection of data
only had data running from January 1st of 2013 until Decem-
ber 31st of 2018, with any continuation of CO2 measurements
missing. The remaining data had 10090 datapoints. Because
we had averaged the data into weekly data to naturally aver-
age out duplicates, the amount of data points had been reduced
significantly compared to the original hourly dataset. Fig 4 vi-
sualizes the levels of CO2 from 2013 to 2018 in Cupertino.

From the graph alone, a visible trend can already be iden-
tified, allowing us to estimate our results. Not only is there
a visible exponential increase, there are also visible seasonal
patterns, which show a rise in CO2 in the winter and a de-
crease in the summer.

For example, Fig 5 displays the seasonal changes in
2016, which shows a clear peak in February and drop in

Duplicate Data Percentage per Measurement Unit

1.4

1.2 A

1.0 1

0.8 1

0.6

0.4 1

Duplicate Data Percentage

0.2

0.0

Parts per million F

Parts per billion

Micrograms/cubic meter (LC)

Measurement Unit

Figure. 2 Histogram for duplication percentage in unit of measure-
ment (right)
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Figure. 3 Histogram for duplication percentage per year (right)

July. For 2016 specifically, the lowest amount of CO2 is
394.300435ppm on July 19th, and the highest amount is
471.507083ppm on February 14th.

On the other hand, one could also ignore seasonal changes
by averaging all the data points in an entire year. When plot-
ted, a rising—and almost exponential—trend is very clear.

© The National High School Journal of Science 2026

NHSJS 2026 | 3



Cupertino CO2 2013-2018

500 A

480 A

460 A

CO2 Measurement
£
o

420 A

380 -

2013 2014 2015 2016 2017 2018 2019
Date

Figure. 4 Trend of CO2 in Cupertino, California from 2013 to 2018
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Figure. 5 Trend of CO2 in Cupertino, California in 2016

To create the machine learning models, we used the follow-
ing libraries: TensorFlow, NumPy, TimeSeriesSplit, logging,
kagglehub, and pandas. After that, we created a sliding win-
dow with the size of 90, and split the x and y variables using a
train test split. To ensure the integrity of the time-series fore-
casting task and prevent temporal data leakage, we utilized
a chronological 80/20 split. By eliminating random shuffling,
the model is trained strictly on historical data and evaluated on
a hold-out ‘future’ period. This approach adheres to the tem-
poral ordering required for real-world deployment of carbon
emission forecasting models.

CNN

Our CNN’s first layer was 1-dimensional (1D) and activation
was set to a Rectified Linear Unit activation function (ReLU).
The hyperparameter numbers were set to the following num-
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Figure. 6 Trend of CO2 in Cupertino, California from 2013 to 2018
yearly average

bers: filters - 64, kernel size - 7, strides - 1, as a default
base. We picked 64 filters to balance complexity while avoid-
ing overfitting, 7 kernels to fit our weekly data, and 1 stride
for a detailed model. We also added a maxpooling layer to
increase efficiency, a flattening layer to keep the CNN 1D, 2
dense layers, with 128 neurons and 1 neuron, respectively, and
a dropout layer. The first dense layer’s activation was ReLU.

With this CNN, prediction is now possible. To train the
model for the most accurate optimization, we ran the CNN
through multiple epochs. Every epoch, the model changes
certain parameters in an attempt to reduce the inaccuracy in
prediction. The inaccuracy is represented by the mean abso-
lute error (MAE), calculated by the following formula'”:

Fig 7 shows the reduction of mean absolute error per epoch.

This first model has a final MAE of 9.691 and when
graphed, has a significant difference from the actual data.

Our goal is to create a model that can consistently have the
lowest MAE. To improve the model, we used two methods:
changing the hyperparameter numbers and adding more CNN
layers.

For example, for the first method, if we change the number
of filters from 64 to 128, the MAE of the new model lowers
to 9.155. Using the second method, we kept the first layer
with the default numbers, and then added a second layer. The
second layer has 8 filters and a kernel size of 3. The numbers
in the second layer are lower in order to prevent overfitting in
the machine model. All other details were kept the same (e.g,
window size, flattening layer, dense layers). This model has
an MAE of 8.859.

After analyzing the epochs, we realized that the MAE was
actually still changing slightly, despite looking like it had al-
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Figure. 7 Trend of MAE through 1st CNN’s epochs
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Figure. 8 Graph of first CNN'’s predictions in comparison to actual
data

ready reached convergence. This was because the MAE was
not decreasing linearly and the machine learning model was
learning extremely slowly. So we increased the number of
epochs until actual convergence, giving us 900 epochs. To-
wards the end, the MAE started becoming more inconsistent,
so we stopped the epochs at 900 to prevent further overfitting.

To ensure consistency in our model, different train test splits
were also experimented with. In the 80/20 split, the MAE was
7.381. With a 70/30 split, the MAE is 8.337, and with a 90/10
split, the MAE is 8.590.

LSTM

Our LSTM had a different structure from the CNN. It had 2
layers, the first with 64 filters, and the second with 32 filters.
We decided on the multiple layers to make the model more
complex and high-performing, but avoided a high number of
filters so that the model wouldn’t overfit. Additionally, it also
had 2 dense layers, with 128 neurons and 148 neurons, respec-
tively. The first dense layer’s activation was ReLU.

The amount of epochs for this model will begin at 900, like
in the CNN, and be adjusted accordingly. Fig 9 shows the
reduction of MAE per epoch.

This first model has a final MAE of 0.165 and looks like
this when graphed:
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Figure. 9 Trend of MAE through 1st LSTM’s epochs

From the training data, it is clear that the MAE started rising
at around 100, so we cut down the number of epochs to 200.
This gives our base model an MAE of 0.130.

Like in the CNN, we will try changing the hyperparameter
numbers and adding more layers to improve the model.

We first tried changing the first layer’s filters to 128, which
increased the MAE to 0.1386. Then we tried lowering it to 32,
which also increased the MAE to 0.148. So, we kept the filters
at 64. For the second layer, we changed the filters to 64 and
got 0.139. If we change it to 16, we get 0.148, so we changed
it to 64.

For the second method, because the model is already prone
to overfitting, we made the third layer only have 8 filters.
However, this only raised the MAE to 0.150. Even with 1
filter, the MAE still increased, so we kept the 2 layers.

To ensure consistency in our model, different train test splits
were also experimented with. In the 80/20 split, the MAE was
0.139. With a 70/30 split, the MAE is 0.138, and with a 90/10
split, the MAE is 0.145. This experiment not only reveals
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Figure. 10 Graph of first LSTM’s predictions in comparison to ac-
tual data

consistency in our model, but also that a 70/30 split produces
a better result.

GRU

The GRU’s default structure was the same as the LSTM’s,
with 2 layers, the first with 64 filters, and the second with 32
filters, and 2 dense layers, with 128 neurons and 148 neurons,
respectively. The first dense layer’s activation was ReLLU.

We decided that because the GRU has a similar structure to
the LSTM, we would use 200 epochs.

Fig 11 shows the reduction of mean absolute error per
epoch.

This first model has a final MAE of 0.136 and when
graphed, is considerably different from the actual data.

After 80 epochs, the data starts plateauing and becoming
inconsistent. So, we cut the number of epochs down to 100.
Despite having the same base as the LSTM, the model trains
a lot differently, because of the GRU’s simpler structure.

Once again, we used the following methods to improve
our model: changing the hyperparameter numbers and adding
more layers.

After changing the first layer’s filters to 128, the MAE de-
creased to 0.1348. After lowering it to 32, the MAE increased
to 0.141. So, we changed the filters to 128. For the second
layer, we changed the filters to 64 and got 0.130, and then
changed it to 16, we got 0.130, so we changed it to 64.

For the second method, because both layers in the model
have doubled in the number of filters, to prevent overfitting,
we made the third layer only have 8 filters. This still raised
the MAE to 0.1392. With 4 filters, the MAE was 0.135, with
2, it was 0.140, and with 1, it was 0.163. Hence, we stuck with
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Figure. 11 Trend of MAE through 1st GRU’s epochs
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Figure. 12 Graph of first GRU’s predictions in comparison to actual
data

2 layers.

To ensure consistency in our model, different train test splits
were also experimented with. In the 80/20 split, the MAE was
0.130. With a 70/30 split, the MAE is 0.134, and with a 90/10
split, the MAE is 0.127. This experiment led us to change the
split to 90/10.

Results

CNN

With manual tuning, the final model ended up having 1 layer
with a filter size of 64, kernel size of 7, and strides as 1, and
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then a second layer with a filter size of 8, kernel size of 3,
and strides of 1. This gives us a final MAE of 6.814. When
graphed, this ends up looking like this (Fig 13).

When tested in accuracy compared to the actual CO2 levels,
the model has an MAE of 6.814, and is very close to the actual
values, reinforcing the reliability of the model.
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Figure. 13 Trend of MAE through final CNN’s epochs
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Figure. 14 Final CNN accuracy compared to actual data

To test the performance quality, we used a simple baseline
comparison, which compares specific data points with the fol-
lowing one. By doing this, we get an MAE of 9.925. Com-
pared to the baseline, our model’s MAE is considerably lower,
reassuring the quality of this machine learning model.

We can predict CO2 levels in the future starting from 2018
based on the previous data and visualize it with this graph.

While the graph shows that in 2030, the amount of CO2 in
Cupertino will rise up to around 450 to 475ppm (parts per
million), representing a 95% confidence interval, this is only
if historical trends continue and no major policy or techno-
logical changes occur. Due to extrapolation beyond training
data, prediction uncertainty is high and CO2 levels may range
from 425 to 500ppm instead. Regardless, it is clear that, at
this rate, CO2 pollution will only continue rising, confirming
our original prediction.
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Figure. 15 Final CNN’s predicted trend of CO2 levels in the future
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Figure. 16 Final CNN’s predicted trend of CO2 levels in the future
with the 95% confidence interval

To ensure minimal bias and understand the trend of error,
residuals were analyzed. A residual is the difference between
the prediction and the actual data. The following graphs show
the residual plots, the residual ACF, and residual histogram.
Fig 17 shows the residuals plot, which reveals any bias by dis-
tributing errors. Fig 18 shows the residual ACF, which reveals
auto-correlation. Fig 19 shows the residual histogram, which
reveals the distribution of errors, which is a normal curve.

To analyze the robustness of the machine learning model,
we also analyzed the sensitivity, by changing hyperparameter
numbers and seeing how it would affect the predictions. With
our original model, the MAE is 6.814. The original hyperpa-
rameters are: window size of 90, 64 filters in the first layer and
8 filters in the second, a kernel size of 7 in the first layer and 3
in the second, and 900 epochs.
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If we change the window size to 30, the MAE changes to
8.084. If we change it to 60, we get 9.042878. With 120 and
150, we get 12.084 and 8.707188, respectively. From this data,
it seems that the window size doesn’t necessarily decrease or
increase the MAE, rather make it more inconsistent. If we
change the number of filters in the first layer to 128, the MAE
becomes 8.203542. If we change it to 32, we get 8.57534.

For the second layer, if we change the filters to 16, we get
9.506059. If we change it to 4, we get 7.970417. The change
in filters affecting the MAE reveals overfitting and underfitting
of the machine learning model. If we change the first layer’s
kernel size to 9, we get a MAE of 9.134297. If we change it
to 5, we get 8.795146. If we change the second layer’s ker-
nel size to 5, we get 7.5376472. If we change it to 1, we
get 8.095665. From this data, it is clear that the first layer
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Figure. 19 CNN residuals distribution

has a greater impact on the error. For the number of epochs,
we will be testing 300, 600, 1200, and 1500. For 300, we
got 9.202694. For 600, we got 8.1986885. For 1200, we got
7.996142, and for 1500, we got 8.55662.

From our sensitivity analysis, it’s clear that all variables
had considerable impacts on the resulting MAE, especially
the window size. It is also important to note that the machine
learning model is only somewhat robust.

Another way we can test the reliability of this model is by
testing multiple cities rather than just one: Cupertino. The
cities we tested were Los Angeles; Bakersfield, notorious for
having California’s worst air quality; and Riverside.
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Figure. 20 CNN’s Los Angeles CO2 forecasting to 2032

For Los Angeles, the MAE comes out as 7.8986 and the pre-
diction looks like this (Fig 20). Bakersfield’s MAE is 5.5147,
with this prediction (Fig 21) and Riverside’s MAE is 21.6104,
with this forecast (Fig 22).

When looking at the different predictions, it is clear that
Riverside’s predictions are not accurate and had much higher
MAE. When looking into this, our research team realized that
it was because the model was overfitting.

This is due to the varying amount of data points per city.
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Figure. 21 CNN’s Bakersfield CO2 forecasting to 2032
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Figure. 22 CNN’s Riverside CO2 forecasting to 2032

For example, Los Angeles and Bakersfield have some of the
highest number of data points in the dataset, with 125827 and
127208 datapoints, respectively. On the other hand, Riverside
has far less datapoints, with just 3937. This makes it a lot
easier for the model to start overfitting. Therefore, the ability
of the model depends on the amount of data points. So, to
prevent overfitting, we made the model simpler by removing
the second layer. This lowered the MAE to 10.6721.

LSTM

With manual tuning, the final model ended up having 2 layers
with filter sizes of 64 and 32. This gives us a final MAE of
0.1141. When graphed, this ends up looking like this (Fig
24):

When tested in accuracy compared to the actual CO2 levels,
the model has an MAE of 4.2681, and is very close to the
actual values, reinforcing the reliability of the model.

To test the performance quality, we used a simple baseline
comparison, which compares specific data points with the fol-
lowing one. By doing this, we get an MAE of 0.249. Com-
pared to the baseline, our model’s MAE of 0.114 is signifi-
cantly lower, reassuring the quality of this machine learning
model.

We can predict CO2 levels in the future starting from 2018
based on the previous data and visualize it with this graph.

60

50 A

40

30 1

Mean Absolute Error

201

10 A

—— val_mae
0 200 400 600 800
Epoch
Figure. 23 CNN’s Riverside training data
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Figure. 24 Trend of MAE through final LSTM’s epochs

While the graph shows that in 2030, the amount of CO2 in
Cupertino will rise up to around 445 to 470ppm, representing
a 95% confidence interval, this is only if historical trends con-
tinue and no major policy or technological changes occur. Due
to extrapolation beyond training data, prediction uncertainty is
high and CO2 levels may range from 420 to 495ppm instead.
It is clear that, at this rate, CO2 pollution will only continue
rising, confirming our original prediction.

To ensure minimal bias and understand the trend of error,
residuals were analyzed. The following graphs show the resid-
ual plots, the residual ACF, and residual histogram.

To analyze the robustness of the machine learning model,
we also analyzed the sensitivity. With our original model, the
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Figure. 25 Final LSTM accuracy
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Figure. 26 LSTM’s predicted trend of CO?2 levels in the future
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Figure. 27 LSTM’s predicted trend of CO2 levels in the future with
the 95% confidence interval

MAE is 0.1307. The original hyperparameters are: window
size of 90, 128 filters in the first layer and 64 filters in the
second, and 200 epochs.

If we change the window size to 30, the MAE changes to
0.1468. If we change it to 60, we get 0.1316. With 120 and
150, we get 0.1319 and 0.1467, respectively. From this data,

Residuals vs Predicted
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Figure. 28 LSTM’s residuals plot
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Figure. 29 LSTM’s residual ACF

window sizes near 90 are very close and consistent in MAE.
However, the further from 90, the less close the MAE is. If we
change the number of filters in the first layer to 128, the MAE
becomes 0.127. If we change it to 32, we get 0.1398.

For the second layer, if we change the filters to 64, we get
0.1330. If we change it to 16, we get 0.1325. The change in
filters remains quite consistent and stays in the same range,
reaffirming robustness in this model.

For the number of epochs, we will be testing 100, 150, 250,
and 300. With 100 epochs, the MAE is 0.135. With 150
epochs, it is 0.130, and with 250 epochs, it is 0.126. With
300 epochs, 0.1323. This pattern of MAE shows a lowering
and rising within MAE based on the number of epochs, and
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Figure. 30 LSTM’s residuals distribution plot

also shows the robustness of this model.

From our sensitivity analysis, it’s clear that this model was
quite robust, with window size having the greatest impact on
the results.

We also tested the reliability of this model by testing mul-
tiple cities besides Cupertino, including Los Angeles; Bakers-
field, and Riverside.

For Los Angeles, the MAE comes out as 0.1208 and the pre-
diction looks like this (Fig 31). Bakersfield’s MAE is 0.124,
with this prediction (Fig 32) and Riverside’s MAE is 0.123,
with this forecast (Fig 33).

Unlike CNN, this model maintains consistent predictions
based on the city despite data differences. This reassures the
reliability of the LSTM.
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Figure. 31 LSTM’s Los Angeles CO2 forecasting to 2032

GRU

With manual tuning, the final model ended up having 2 layers
with filter sizes of 128 and 64. This gives us a final MAE of
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Figure. 32 LSTM’s Bakersfield CO2 forecasting to 2032
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Figure. 33 LSTM’s Riverside CO2 forecasting to 2032 (left)

0.127. When graphed, this ends up looking like this (Fig 31).
When tested in accuracy compared to the actual CO2 levels,
the model has an MAE of 4.141, and looks like this (Fig 35):
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0.10 -

0 20 40 60 80 100
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Figure. 34 Trend of MAE throughout final GRU’s epochs

To test the performance quality, we used a simple baseline
comparison, which compares specific data points with the fol-
lowing one. By doing this, we get an MAE of 0.181. Com-
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Figure. 35 GRU’s final model accuracy

pared to the baseline, our model’s MAE of 0.127 is signifi-
cantly lower, reassuring the quality of this machine learning
model.

We can predict CO2 levels in the future starting from 2018
and visualize it with this graph. While the graph shows that in
2030, the amount of CO2 in Cupertino will rise up to around
445 to 470ppm, representing a 95% confidence interval, this is
only if historical trends continue and no major policy or tech-
nological changes occur. Due to extrapolation beyond training
data, prediction uncertainty is high and CO2 levels may range
from 420 to 495ppm instead.
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Figure. 36 GRU’s predicted trend of CO2 levels in the future (left)

To ensure minimal bias and understand the trend of error,
residuals were analyzed. The following graphs show the resid-
ual plots, the residual ACF, and residual histogram.

To analyze the robustness of the machine learning model,
we analyzed the sensitivity. Our original model had a MAE
of 0.127. The original hyperparameters are: window size of
90, 128 filters in the first layer and 64 filters in the second, and

CO2 Forecasting to 2032 with Uncertainty Bounds
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Figure. 37 GRU’s predicted trend of CO2 levels in the future with
the 95% confidence interval (right)
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Figure. 38 GRU’s residual plot
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Figure. 39 GRU’s residuals ACF

12 |NHSJS 2026

© The National High School Journal of Science 2026



100 epochs.

If we change the window size to 30, the MAE changes to
0.141. If we change it to 60, we get 0.1440. With 120 and 150,
we get 0.1300 and 0.1347, respectively. Like in the LSTM,
MAE’s stay in a similar range and become more inconsistent
as the window size strays further from 90.

If we change the number of filters in the first layer to 256,
the MAE becomes 0.146. If we change it to 64, we get 0.139.
For the second layer, if we change the filters to 128, we get
0.144. If we change it to 32, we get 0.131. This reveals
that when more filters are added, the model starts overfitting
and is increasingly more inconsistent with the MAE. On the
other hand, with fewer filters, the model only performs slightly
WOrse.

For the number of epochs, we will be testing 50, 75, 125,
and 150. With 50 epochs, the MAE is 0.143. With 100 epochs,
itis 0.137, and with 125 epochs, it is 0.127. With 150 epochs,
0.140. This pattern of MAE shows a lowering and rising
within MAE based on the number of epochs, and also shows
the robustness of this model.

From our sensitivity analysis, it’s clear that this model was
quite robust, with the number of filters having the greatest im-
pact on the results.

We also tested the reliability of this model by testing Los
Angeles, Bakersfield, and Riverside.

For Los Angeles, the MAE comes out as 0.127 and the pre-
diction looks like this (Fig 41). Bakersfield’s MAE is 0.1297,
with this prediction (Fig 42) and Riverside’s MAE is 0.129,
with this forecast (Fig 43).

Histogram of Residuals
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Figure. 40 GRU’s residual distribution

Unlike the CNN but like the LSTM, this model maintains
consistent predictions based on the city despite data differ-
ences. This reassures the reliability of this model.
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Figure. 41 GRU’s Los Angeles CO2 plot
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Figure. 42 GRU’s Bakersfield CO2 forecasting to 2032

Additionally, we can also see how our model compares to
the previous 3 research papers mentioned. All 3 research pa-
pers use different ways to measure their model’s accuracy.
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Figure. 43 GRU’s Riverside CO2 forecasting to 2032 (left)

A Machine Learning Approach to Predict Air Quality in
California’s results show a 94.1% accuracy rate when pre-
dicting unseen data, while Short-term Air Quality Prediction
Based on EMD-transformer-BiLSTM used RMSE (root mean
square error), MAE, and MAPE (mean absolute percentage
error) to assess the reliability of multiple different models.
Lastly, Image-based Air Quality Prediction using Convolu-
tional Neural Networks and Machine Learning used Cron-
bach’s & to test reliability and consistently got values ranging
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from 0.8 to 0.9. Because of the varying forms of measurement,
the results cannot be compared.

Discussion

From the results, it’s clear that air pollution and CO2 levels
are on the rise, and that, without mitigation, will only get
worse. While growth is gradual, increasing about 5-10ppm
per year on average, it highlights the growing concern of air
pollution. On the lower end, 425ppm is considered healthy
and typical for outdoor air. On the higher end, while not sig-
nificantly harmful, 525ppm is considered moderate and sim-
ilar to CO2 levels in an urban city. While this range is typi-
cally harmless to the average person, this model is only focus-
ing on Cupertino'®. It is important to note that air pollution
is affecting all places, and at different rates. Some cities to-
day already have severe air pollution, such as Delhi, India. In
Delhi, average CO2 ppm outdoors is around 550ppm, but in-
doors, due to poor ventilation, can reach up to 1600ppm .
This level of CO2 concentration can cause dizziness and de-
creased cognitive performance®’. Since CO2 levels are in-
creasing, this would lead to even more severe consequences
than before, promoting respiratory, cardiovascular, and other
diseases without mitigation.

Rising CO2 is due to human activity and increased energy
consumption, evident in the following graphs. Using the Fuel
Production and Consumption (1980-2021) dataset from kag-
gle.com?!, we can graph the yearly gas, coal, and oil con-
sumption in the United States.

le11l Gas consumption(m?) yearly

Gas onsumption(m?)

1980 1985 1990 1995 2000 2005 2010 2015 2020
Date

Figure. 44 Trend of gas consumption (M3) from 1980 to 2021 in the
United States (left)

Each energy source has its own distinct growth or reduction,
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Figure. 45 Trend of coal consumption (ton) from 1980 to 2021 in
the United States (right)
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Figure. 46 Trend of oil consumption (ton) from 1973 to 2021 in the
United States (left)

such as coal consumption sharply decreasing after the end of
the 20th century. However, these energy sources are all scaled
differently. If they are all put together, the difference in scale
becomes very evident.

With the energy sources now scaled, there is clearly an over-
all increase in energy use between gas, coal, and oil consump-
tion. This rise in unrenewable energy has only led to an in-
crease in CO2.

Mitigation can be individual or community-based, such as
driving less, or setting up governmental policies to combat
air pollution. For example, the city of Los Angeles, Cali-
fornia, has the goal to reach 100% clean energy by the year
2045 through the LA100 plan®2. If LA100 does succeed, it
can significantly change the trajectory of air quality in Los
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Figure. 47 Combined data of gas (blue), coal (orange, behind oil),
and oil (green) consumption from 1973 to 2021 in the United States
(right)

Angeles, which struggles with poor air quality and wildfires.
PM2.5 concentrations are predicted to decrease 7.4% to 11.0%
in disadvantaged communities and 7.3% to 11.9% in non-
disadvantaged communities, both significant reductions 3.

However, the feasibility of LA100 and similar policies are
debated. While getting to 90% renewable energy is feasible,
the last 10% will be particularly hard because of high costs
and many renewable energy sources’ intermittency and depen-
dence on weather?*. Fortunately, the Los Angeles Department
of Water and Power is aware of these issues and is actively
working on outreach and evaluation?. This progression to-
wards using clean energy would drastically reduce air pollu-
tion and change the predicted trend of air pollution in the fu-
ture, as clean energy drastically reduces the amount of carbon
molecules being emitted into the air, further reducing climate
change by reducing the greenhouse effect.

Limitations

This study has several factors that limit both its scope and its
accuracy. For example, it only takes data from 2013 to 2018.
This is only a 6 year timeframe, and gives the model less data
points to learn from. Long-term forecasts, such as forecasts
up to 2030, involve more uncertainty.

Additionally, this is before COVID-19’s quarantine, which
drastically changed CO2 and temperature levels. Because
people had to stay indoors, human activities like driving and
traveling abroad were significantly decreased, leading to lower
CO2 emissions and greenhouse effect. However, while quar-
antine did help with CO2 rates temporarily, when it ended,
CO2 rates quickly returned to what they had been previously
and, in 2025, are similar—although slightly lower—than what

they would have been without quarantine .

Another limitation is that this study only focuses on Califor-
nia. Compared to other states, California has worse air quality.
In terms of PM2.5, Califor nia has the worst air quality, having
an average of 12.6 micrograms per cubic meter, compared to
the United States’ 7.3

Furthermore, the model ignores many other factors, such as
other air pollutants and variables such as temperature, humid-
ity, and season. Many mitigation efforts are planned for the
future and could change the trajectory of CO2 rates?’.

Conclusion

To conclude, this study aimed to take data from the previous
decade to predict future CO2 levels in California, using ma-
chine learning to do so. A CNN, LSTM, and GRU were de-
signed and adjusted for optimal accuracy in predicting future
CO2 levels. The results showed that in 2030, CO2 levels will
rise to around 450 to 525ppm and that CO2 levels will still
continue to rise. What this means is that, without interven-
tion, it will only become worse and cause greater catastrophes
for humanity. Awareness and mitigation must happen in order
to prevent further crises. For example, plans such as LA100
will help reduce air pollution and also prevent more. Actions
like these will become some of the most prominent ways to
prevent the trajectory of air pollution to continue at its current
rate and protect people’s health.
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