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such as ¢gooling tower plumes in unseen test images. Our transformer-based

approach outperforms the best prior work with statistical significance, reach-
an 80% accuracy on a held-out set of unseen coal plant satellite images.
hese results have far-reaching implications for climate monitoring and regu-
lations. By providing more accurate and independently sourced information
on coal plant operations worldwide, our approach can support more effective
emissions tracking, inform climate negotiations, and introduce greater trans-
parency into the process of climate regulation.
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1. Introduction & Background

The global urgency to mitigate climate change is intensifying as the effects of

greenhouse gas emissions become clearer (Singh, 2021). Coal power plants, which
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remain among the most significant contributors to global carbon dioxide emis-
sions, are at the forefront of scrutiny (Birol & Malpass, 2024). Our ability to reli-
ably regulate and understand the impact of coal power plants on the climate com-
promise hinges on receiving comprehensive and reliable data on the operational
status and emissions of these plants, particularly in regions where transparency
and robust reporting mechanisms are lacking (Bauckloh et al., 2023; Datt et al.,
2019). Unfortunately, this requirement of procuring reliable data has not been
consistently met. The resulting data deficiency not only hampers accurate global

emissions tracking but also undermines the development of g g-based poli-

et al., 2017; Climate Works Australia, 2018).

Traditionally, monitoring coal plant operatio

emissions data (Li & Kroe
systems, data collection isffequently hindered by delays, inaccuracies, and a lack

of transparency, making it

; Varon et al., 2019; Jacob, 2022). Unlike ground-based methods,
offers a global perspective, enabling continuous and consistent mon-
ring of céal plants regardless of their location. This capability is particularly valuable
ions where traditional monitoring methods are limited or non-existent.
owever, analyzing satellite images to determine the operational status of coal
power plants is a complex task. Coal plants can vary widely in their design, size,
and operational patterns, and the visual cues that indicate whether a plant is active
or inactive can be subtle and context-dependent (Mitchell et al., 2020). Traditional
image analysis techniques, such as those based on convolutional neural networks
(CNNs), have been employed to tackle this problem, but they often fall short in
capturing the full complexity of the visual data. CNNs, while powerful, can strug-
gle with the large spatial context and intricate patterns present in satellite images
of industrial sites like coal plants (Pu et al., 2019).

In response to these limitations, this research proposes a novel transformer-
based approach for determining the operational status of coal power plants using
satellite imagery. Transformers, a class of deep learning models that have revolu-
tionized natural language processing and are now making significant strides in

image analysis, are uniquely suited to handle large-scale image data (Vaswani,
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2017). They excel in modeling long-range dependencies and capturing fine-grained
details across an entire image (Dosovitskiy et al., 2020). By training a transformer
model on a comprehensive dataset of labeled satellite images, each representing var-
ious operational states of coal power plants, this study aims to develop a robust tool
for accurately classifying the operational status of these plants.

Preliminary results from this research indicate that the transformer model outper-
forms CNN baselines, marking a significant advancement in environmental moni-
toring. This enhanced accuracy could significantly improve our ability to estimate

global greenhouse gas emissions, providing more reliable and time

ata to support

g a more accurate
e transformer-based
approach could greatly enhance th&{trans countability of emissions
i efforts to reduce emissions

1s study will be critical in ensuring that cli-
e, reliable data.

ork is to ensure that performance is equal or better than the state-of-

onvolutional neural network counterparts.

3. Methods

History & Overview of Vision Transformers

Vision transformers (ViTs) represent a groundbreaking shift in the landscape of
computer vision, diverging from the traditional Convolutional Neural Networks
(CNNss) that have dominated the field for decades. Originating from the transformer
architecture (Vaswani, 2017), which revolutionized natural language processing
(NLP), vision transformers adapt the self-attention mechanism to process visual data,
allowing for a more flexible and comprehensive analysis of images.

Vision transformers have recently been introduced as an alternative to tradi-
tional computer visions models, such as convolutional neural networks. This ar-
chitecture, originating from the language-based transformer from Vaswani et a/,
A large part of their popularity can be credited to their success in enabling large-
scale generalization of language models due to their flexible token-based inputs
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and self-attention mechanisms for visual data.

Dosovitskiy et al. presented the vision transformer model for image recognition
tasks, and demonstrated how transformers could be applied beyond language-based
domains to image classification. In their approach, an image is divided into a se-
quence of patches, which are then linearly embedded and processed through multi-
ple layers of self-attention mechanisms. These patches allow the model to gain a
global understanding of an image, a departure from the local inductive biases that
arise with convolutional neural networks. For image classification tasks spec1ﬁca11y,
a fully-connected layer is appended to the end of the transfor

tinent to the task at hand.
The flexibility of the visig

d"potential in enhancing performance on various demanding
enchmarks. Furthermore, vision transformers’ capacities and ef-
iciency arg’quickly increasing due to continuous research and development in
field, which makes them an essential part of the contemporary computer
visiPn toolset.

Figure 1 below illustrates the architecture of a Vision Transformer, showcasing

the process from image patch embedding to the final classification output.
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Figure 1. Vision transformer for image classification.

i

Norm

-*-" ﬂ{] EELELI e

Embedded
Patches

DOI: 10.4236/ajcc.2024.134033 723 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.134033

A. Doshi

Dataset
Our dataset is comprised of:

¢ A training image dataset of 3,178 images consisting of satellite images of coal
plants collected by the Sentinel-2 satellite.

o A test image dataset of 1,024 images of coal plant emissions collected by Senti-
nel-2 satellite.
Training Image Dataset Labeling
As mentioned above, in order for a vision transformer model to perform clas-

sification of input images, it first needs to be trained on a pre g labeled da-

strating its flexibility.

The image dimensions a

o

B A e N

o ’ !

Figure 2. Labeled dataset of coal plant monitoring dataset.

Transformer Configuration Details
The final transformer model was trained using multi-head attention and several

layers. The specific architecture configuration is detailed in Table 1.

Table 1. Training configuration of final multi-head, multi-layer transformer architecture.

Patch Size 6
# Transformer Layers 4
# Attention Heads 2
DOI: 10.4236/ajcc.2024.134033 724 American Journal of Climate Change
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Continued
Transformer Units (64, 128, 64)

Optimizer Adam

MLP Dimension 1024
Learning Rate 0.001

Weight Decay 0.01

Batch Size 64

Num Patches 17

Hpyperparameter Selection

In order to determine the best learning rate and weigh

Environment Setup
All experiments related to our
RTX 4090 GPU. For the baselin

tory notebook and associat

4. Results

fit the data significantly, whereas larger models tend to overfit to the

ViT XS Train and Validation Loss Over Epochs

— loss
—— val_loss

0.90 -

0.80 4

]
w
o

0.75 +

0.70 4

0.65 1
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ViT Small Train and Validation Loss Over Epochs

—— loss

0.50 - — val_loss

del Validation Loss Curves. The ViT small converges at the lowest loss, con-
ighest performance on the test set. The lower losses for the extra small and
dium transformers are likely due to under and overfitting respectively.

sistent with

o0 Accuracy Comparison of Different ViT Model Sizes
90
_ 80
£
¢ 70
60
50
ViTS
VIiT Model Size
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Table 2. Final Model Test Accuracies. The validation accuracies averaged across ten runs
are displayed. The small transformer architecture, with two attention heads and four layers,
performs the best.

Model Test Accuracy
ViT-XS 71.6%
ViT-§ 80.4%
ViT-M 78.09%

We additionally compare our transformer to the closest related prior work,

which trains a small-scale convolutional network on this dat@" odel is not

100

95

90 1

854

Test Accuracy (%)

Best Prior Model

re 4. Comparison to Best Prior Work. The best prior work reports a test set accuracy
o %, while our model achieves an 80.4% accuracy (averaged over ten runs) signifi-
canttly outperforming the baseline.

In addition, all results are averaged over a set of ten runs, yielding a p-value

greater than alpha = 0.05, to ensure that all results are statistically significant.

Table 3. Statistical Significance. The t-values and p-values are computed between each
baseline model and the transformer architecture, where we use validation accuracies com-
piled across ten distinct runs of each model. The p-values all fall below an alpha of 0.05,
which indicates the statistical significance of these results.

Model Comparison t-value p-value
ViT-S vs Best Prior Work 36.37 0.000003

Below are images and predictions of our transformer architecture on real coal

data in our test set:
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Ground Truth: 0.0, Predicted: 0.0

Ground Truth: 0.0, Predicted: 0.0 Ground Truth: 1.0, Predicted: 1.0 Ground Truth: 1.0, Predicted: 1.0

visual cues like cooling t . el’s resilience and flexibility to

real-world settings are d its 80% accuracy on a held-out set of

unseen photos.
This study defieastrates ho ansformer-based methodology may greatly
increase the time apularity of data collection, particularly in areas
porti

where conventiona'

tions a useful tool. This approach offers a way to improve accountability and

openness in emissions reporting, with far-reaching consequences for climate
monitoring and policy due to its increased accuracy and reliability. This develop-
ment provides the information required for well-informed decision-making, sup-

porting international efforts to implement climate accords and policies.

6. Limitations

Although our proposed method shows the promise of transformers in predicting
coal plant emissions, there are definitely limitations in using satellite imagery for
this purpose. Some satellite images are obstructed by clouds, which can lead to
gaps in the data. Additionally, due to variations in sensor accuracy or resolution
across satellites, we would have to implement data consistency techniques to en-

sure that the input to our model stays in distribution. Ethical considerations could
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include ensuring this satellite data is secure and used only for emissions tracking.
Ultimately, these challenges are outweighed by the robustness of our method in
providing critical insights into the emissions produced by coal plants across the

globe.

7. Conclusions

This work describes the effective use of a transformer-based deep learning model
for monitoring satellite imagery-based real-time coal power station operations.

of the main

Obtaining accurate and timely data on the sources of emissiQ

an urgent need to cut greendfouse gas emission

data is essential to creatingl successful climate solutions. This need is met by our

transformer-based method@logy, whichjimproves accountability and transpar-

ency in emissions tracking ringgl'reliable, independent source of data. Be-

cause of this, inté

ment, can be dire el by making talks and policy decisions more in-
formed.

O create an even more extensive system for real-time environ-

mental

itdring that supports the worldwide shift to a sustainable energy fu-

re by itefatively improving the model and combining it with additional data
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