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Abstract 
Global efforts to reduce emissions are hampered by incomplete and unreliable 
data from coal power plants regarding their release of greenhouse gases. This 
inability to acquire data, particularly relevant in regions lacking robust report-
ing mechanisms, hinders evidence-based policy-making and proper action 
against prominent emissions contributors. To address this issue, we propose 
using a transformer-based approach to determine the coal plant’s operational 
status – entirely through satellite images. This method leverages the readily 
available global coverage of satellite imagery to provide independent, real-time 
monitoring of coal plant operations, even in areas where traditional data col-
lection methods are challenging. The model learns to identify visual indicators, 
such as cooling tower plumes in unseen test images. Our transformer-based 
approach outperforms the best prior work with statistical significance, reach-
ing an 80% accuracy on a held-out set of unseen coal plant satellite images. 
These 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 evidence-based poli-
cies and international agreements crucial for curbing climate change (Rosenstock 
et al., 2017; Climate Works Australia, 2018). 

Traditionally, monitoring coal plant operations has relied heavily on self-re-
ported data, infrequent inspections, and ground-based measurements, all of 
which are prone to inaccuracies and inconsistencies. These methods fail to pro-
vide the real-time, granular data necessary for effective climate action (NSW EPA, 
2018; Asia-Pacific Economic Cooperation, 2008). In many regions, especially in 
developing countries, the absence of stringent regulatory frameworks and moni-
toring infrastructure exacerbates these challenges, leading to significant gaps in 
emissions data (Li & Kroese, 2022; NGFS, 2022). Even in regions with more robust 
systems, data collection is frequently hindered by delays, inaccuracies, and a lack 
of transparency, making it difficult to assess the true environmental impact of coal 
power plants and to hold operators accountable for their emissions. 

The advent of satellite-based monitoring technologies offers a promising solution 
to these challenges. Satellites equipped with advanced sensors can capture high-reso-
lution images of the Earth’s surface, providing a wealth of data on a wide range of 
environmental phenomena, including the operations of coal power plants (Maa-
sakkers et al., 2022; Varon et al., 2019; Jacob, 2022). Unlike ground-based methods, 
satellite imagery offers a global perspective, enabling continuous and consistent mon-
itoring of coal plants regardless of their location. This capability is particularly valuable 
in regions where traditional monitoring methods are limited or non-existent. 

However, 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 timely data to support 
climate policy enforcement and international climate negotiations. By offering an in-
dependent, near real-time monitoring system capable of assessing coal plant activities 
even in the most challenging regions, this approach has the potential to strengthen 
the global response to climate change, driving more effective, evidence-based deci-
sion-making in the transition to cleaner energy sources. 

The implications of this research are profound. By providing a more accurate 
and reliable method for monitoring coal plant operations, the transformer-based 
approach could greatly enhance the transparency and accountability of emissions 
reporting. This, in turn, would support international efforts to reduce emissions 
and transition to a more sustainable energy future, aligning with the goals of the 
Paris Agreement and other global climate initiatives. As the world continues to 
grapple with the urgent need to reduce greenhouse gas emissions, innovative ap-
proaches like the one proposed in this study will be critical in ensuring that cli-
mate action is based on accurate, reliable data. 

2. Hypothesis 

Vision transformers have proved invaluable in image classification domains. The 
goal of this work is to explore whether these capabilities are similar to transfer 
when training to monitor coal plant emission statuses. In addition, a secondary 
goal of the work is to ensure that performance is equal or better than the state-of-
the-art convolutional 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 
(CNNs) 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 al., 
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 specifically, 
a fully-connected layer is appended to the end of the transformer, taking in the at-
tention outputs and converting them to probability logits for each class. 

The encoder, which is composed of alternating layers of position-wise com-
pletely connected feed-forward networks and multi-head self-attention, is the cen-
tral component of the vision transformer design. The residual connections and 
normalization found in each of these layers work together to keep the model from 
deteriorating over time. With the help of the self-attention mechanism, the model 
can prioritize certain aspects of the image and concentrate on those that are per-
tinent to the task at hand. 

The flexibility of the vision transformer architecture is one of its key benefits; 
by varying the amount of transformer blocks and attention heads, the token-based 
architecture enables it to effortlessly respond to images of varying sizes. Vision 
transformers have challenged CNN dominance in computer vision research and 
application by virtue of their flexibility and capacity to grasp long-range depend-
encies in the data. 

Vision transformers can be used for more than just picture classification; they 
can also be used for tasks like semantic segmentation and object recognition. 
Their capacity to acquire comprehensive, worldwide depictions of visual data 
has demonstrated potential in enhancing performance on various demanding 
datasets and benchmarks. Furthermore, vision transformers’ capacities and ef-
ficiency are quickly increasing due to continuous research and development in 
this field, which makes them an essential part of the contemporary computer 
vision toolset. 

Figure 1 below illustrates the architecture of a Vision Transformer, showcasing 
the process from image patch embedding to the final classification output. 

 

 
Figure 1. Vision transformer for image classification. 
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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. 

• 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-existing labeled da-
taset. Labeling any image dataset requires domain expertise, and generating labels 
on aerial, satellite images can be a daunting task. We use an image training dataset 
labeled by Google indicating whether or not a power plant in a given image was 
operating at the time the image was collected. All images used are from the Senti-
nel-2 L2A collection, which is composed of two satellites that capture high-reso-
lution images of the Earth. These images are geographically diverse from all across 
the world, and our model is able to accept any image from this dataset, demon-
strating its flexibility. 

The image dimensions are 64 × 64 pixels each, with each spatial band covering 
10 meters. In addition, data augmentation techniques were applied to each image 
– these techniques include normalization, random flips, rotations, and zooms. 

 

 
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 
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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 

 
Hyperparameter Selection 
In order to determine the best learning rate and weight decay values, we per-

formed a sweep over increasingly large values, ranging from 10−5 to 10−1. We 
found that the optimal values were the ones reported in the table above. In addi-
tion, our experiments thoroughly investigate the effect of model size on perfor-
mance, and we report the results from these size ablations in our graphs below.  

Environment Setup 
All experiments related to our method in this paper were run on an NVIDIA 

RTX 4090 GPU. For the baseline method, we use the provided Google Colabora-
tory notebook and associated free-tier compute. 

4. Results 

The results below demonstrate the performance of our final transformer architec-
ture on the test set. We provide training and validation loss curves across various 
configurations of transformer sizes. Each model’s hyperparameters, specifically 
learning rate and weight decay, were tuned to achieve best performance to ensure 
fair comparison. 

We define ViT XS with a single attention head and two transformer layers. We 
multiply these values by two for each new transformer size. We find that smaller 
models underfit the data significantly, whereas larger models tend to overfit to the 
data. 
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Figure 3. Model Validation Loss Curves. The ViT small converges at the lowest loss, con-
sistent with its highest performance on the test set. The lower losses for the extra small and 
medium transformers are likely due to under and overfitting respectively. 
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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-S 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 data. This model is not 
a transformer architecture; rather, the authors train a network with six 2D convo-
lutional layers and compute a binary cross entropy loss from the last output em-
bedding. We find that our approach outperforms the convolutional neural net-
work baseline by a statistically significant amount. 

 

 
Figure 4. Comparison to Best Prior Work. The best prior work reports a test set accuracy 
of 75.04%, while our model achieves an 80.4% accuracy (averaged over ten runs) signifi-
cantly 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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Figure 5. Model Predictions. The number corresponding to each image represents the coal plant’s operational status. 

5. Discussion 

The results of this study demonstrate how useful it is to use a transformer-based 
strategy to track coal power station operational status using satellite imagery. By 
offering a more dependable, independent, and real-time way to detect emissions 
from coal plants—which are significant contributors to global greenhouse gas 
emissions—this approach fills a fundamental gap in the existing monitoring sys-
tems. Our program can effectively detect whether a coal plant is operating by 
using deep learning and sophisticated satellite photography to identify minor 
visual cues like cooling tower plumes. The model’s resilience and flexibility to 
real-world settings are demonstrated by its 80% accuracy on a held-out set of 
unseen photos. 

This study demonstrates how our transformer-based methodology may greatly 
increase the timeliness and granularity of data collection, particularly in areas 
where conventional reporting methods are insufficient or nonexistent. Because 
the technique is not dependent on ground-based data sources, it is more useful in 
a variety of regulatory and geographical contexts. The model successfully captures 
operating status by concentrating on visual patterns in satellite pictures, which is 
an essential element for comprehending and reducing the environmental impact 
of coal power plants. 

In addition to being a technological achievement, the use of transformers in this 
field offers policymakers, environmental agencies, and international organiza-
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. 
Obtaining accurate and timely data on the sources of emissions is one of the main 
issues in environmental monitoring, and the suggested method offers a solid and 
scalable answer. Our technique shows promise as a useful instrument for interna-
tional climate policy and control, as evidenced by its high accuracy in identifying 
the operational condition of coal plants from satellite photos. Though different 
emissions sources may require separate architecture tuning, our method is general 
enough that it does not preclude training on a variety of sources of emissions, such 
as vehicles, commercial buildings, residential homes, and more.  

This work has important ramifications. With the global community still facing 
an urgent need to cut greenhouse gas emissions, having access to reliable, current 
data is essential to creating successful climate solutions. This need is met by our 
transformer-based methodology, which improves accountability and transpar-
ency in emissions tracking by offering a reliable, independent source of data. Be-
cause of this, international efforts to prevent climate change, like the Paris Agree-
ment, can be directly supported by making talks and policy decisions more in-
formed. 

This method’s application in climate monitoring can be further broadened in 
the future by adding additional emissions sources and environmental indicators. 
It is conceivable to create an even more extensive system for real-time environ-
mental monitoring that supports the worldwide shift to a sustainable energy fu-
ture by iteratively improving the model and combining it with additional data 
sources. 
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