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Abstract - Volcanic plumes pose serious risks to aviation, public health, and the environment, and they are essential visual 

indicators of a volcano's eruptive activity. Effective hazard mitigation and early warning systems depend on the timely and 

precise classification of plume types (such as ash, steam, or gas) and the forecasting of plume direction. Convolutional Neural 

Networks (CNN) and Long Short-Term Memory (LSTM) algorithms are employed in this study to examine the use of a parallel 

machine learning model that analyzes volcanic plume imagery and predicts plume direction based on temporal and spatial 

features. Sequential image data was used to train the suggested parallel CNN-LSTM architecture, which allowed the model to 

predict directional movement over time and classify different types of plumes In addition to a directional prediction performance 

indicated by 0.1252 Mean Absolute Error (MAE) and 0.9217 R2, the experimental results showed high accuracy across tasks, 

with the model achieving a precision of 1.0000 for ash plumes, 0.9954 for steam plumes, and 0.9787 for gas plumes. The findings 

demonstrate the model's potential as a real-time volcanic plume monitoring application, making a substantial contribution to 

automated early warning systems and risk assessment techniques.  
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1. Introduction 
The Philippines is in a region with a high concentration 

of active volcanoes. This location is called the Pacific Ring of 

Fire (PROF) and is characterized by a large amount of tectonic 

activity [1]. These regions are, in fact, horseshoe-shaped and 

composed of nineteen (19) groups based on location and 

geological features. The PROF starts in the vicinity of 

Australia, going through Indonesia, the Philippines, Taiwan, 

Japan, going north to the Arctic, then going south through 

North America, ending in the Austral Andean volcanic Arc in 

South America. This large region is composed of over 400 

active and dormant volcanoes spread out across different 

nations [2]. 

Research shows that countries within the area of the 

PROF experience a high-risk level of geological disasters. 

These include earthquakes, tsunamis, lahars, pyroclastic 

flows, and other interrelated phenomena related to volcanic 

activities [3]. A significant number of the inhabitants living 

close to or around volcanoes are always exposed to these 

dangers. Through modern technology, volcanologists can now 

predict if a volcano is going to erupt, but predicting the exact 

time and magnitude of the eruption is still a difficult task. For 

populations living near volcanoes, one of the most observable 

signs of volcanic activity is the presence of plumes. They 

serve as visual indicators of the present state of the volcano 

[4]. Plumes often consist of ash and pyroclastic material. 

These include trace gases like Sulfur Dioxide (SO2), Carbon 

Dioxide, Water Vapor, and Halogens [5]. Studies have used 

volcanic plume datasets to analyse the effects of volcanic 

eruptions. For example, if the ash concentration in the 

atmosphere reaches a certain threshold, it can affect the local 

air traffic in the area. Aircraft engine parts can easily be 

damaged by volcanic ash [6]. A study on the December 2018 

eruption of Mt. Etna showed that volcanic ash and similar 

gases that persisted in the atmosphere retain an almost 

constant altitude as far away as 400km from the volcano [7].  

These also introduce contaminants into the food chain that 

affect the local ecosystems [8].  Researchers also found that 

recent volcanic eruptions around the PROF caused a 

significant impact on the global climate. The volcanic activity 

near the Tonga islands in the South Pacific produced a large 

enough plume that affected global weather patterns [9].  

Continuous monitoring of volcanic activity is crucial for 

reducing disaster risk and ensuring public safety. Satellite 

imagery, remote sensing tools, and ground-based observations 

are the mainstays of traditional monitoring techniques [10-

12]. In Chile, for example, volcano monitoring includes 

manual ash collection, analysis of gases emitted from active 

volcano vents, remote measurements of SO2, and actual 

surface activity monitoring through web and thermal cameras. 

http://www.internationaljournalssrg.org/
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[13]. Even though these methods yield useful data, problems 

such as weather, expenses, equipment, and other constraints 

hinder their proper application [14]. In the case of the Tagoro 

eruption near the Canary Islands, there was not a defined 

single magma chamber, which led to eruptive vents that arose 

either from land or sea. Monitoring and observation had been 

difficult, especially for submarine eruptions, because there 

was no visual evidence of the beginning and end of the 

eruption [15]. 

New technological developments, however, present fresh 

chances to improve volcanic monitoring systems [16]. To gain 

a better understanding of the dynamics of volcanic plumes, 

researchers study machine learning algorithms to leverage the 

growing amount of surveillance footage obtained by volcano 

monitoring facilities. For example, researchers in Berlin 

proposed a monitoring system called Monitoring Unrest from 

Space (MOUNTS) that used a combination of images from 

different satellites, terrestrial seismic data from earthquake 

surveillance repositories, and Artificial Intelligence (AI) to 

assist in volcanic activity assessment [17]. 

Although the application of machine learning has 

significantly enhanced the monitoring of volcanic activity, 

most studies on volcanic plumes are focused on plume 

identification or direction forecasting. There is limited 

research on integrating models that can improve the accuracy 

of both plume classification and prediction. To address this 

gap, the study designed a hybrid Convolutional Neural 

Network and Long Short-Term Memory (CNN-LSTM) model 

specifically developed for volcanic plume analysis. The CNN 

was used to classify spatial features, and the LSTM networks 

were used to predict temporal sequences.  Enhancing the 

accuracy of volcanic plume monitoring can aid early warning 

systems in delivering real-time notifications and alleviate the 

hazardous consequences of volcanic eruptions. 

2. Literature Review 
2.1. Volcanic Plume Characteristics  

When a volcano erupts violently, it sends out volcanic 

plumes, which are moving mixtures of volcanic particles, 

gases, and other pyroclastic materials. [18-20] The 

composition, density, and behavior of these plumes can 

change a lot depending on the type of eruption and the weather 

around it. The Mass Eruption Rate (MER), the composition of 

the magma, and the weather are all important factors [21]. The 

amount of material that is released into the air during a 

volcanic event determines the MER. The composition of the 

magma affects how buoyant the plume is and how many 

particles it has. Wind direction, wind speed, humidity, and 

temperature are all examples of weather variables. These 

weather conditions have a big effect on how plumes move 

through the air, how high they go, and how long they last. 

Several parameters are combined to estimate the amount of 

volcanic material ejected during eruptions. For example, the 

estimates of the top plume height together with the wind speed 

were used to develop a new radar-based statistical model that 

can rapidly estimate the MER during severe volcanic activities 

[22]. Although the accuracy of such models is still dependent 

on vital parameters like the wind velocity, magma 

composition, and volcano eruption style. Considering all of 

these requirements, Durig et. al. developed a decision tree in 

selecting the ideal model to use when estimating MER in real-

time. The model to be used depends on the quality and 

availability of the immediate data [23]. 

2.2. Current Monitoring Methods  

Historically, a variety of remote sensing methods have 

been used to monitor volcanic plumes and identify and 

evaluate their properties. Volcanoes are often monitored with 

a calibrated webcam. The Icelandic Meteorological Office 

uses a strategically placed network of cameras using 

Raspberry Pi called PiCams. They also have ArduinoCams, 

microcontroller-based camera modules installed in remote 

areas of the volcanoes where communication is difficult. This 

proved to be useful, especially during the 2021 Fagradalsfjall 

eruption [24]. Others measure gas concentrations using 

spectroscopic techniques [25]. We used this method on Mount 

Erebus to find trace gases like HCl, HF, and SO2.  The results 

of these observations help figure out the ratios of the different 

parts of volcanic plumes  [26].  In recent years, mobile 

platforms have become more common for plume observation. 

One study, for instance, used drone-based imaging to get a 

series of images that made it possible to build three-

dimensional models of plume structures  [27]. 

Satellite images are also very important for watching and 

studying volcanic plumes. They cover a large area and provide 

almost real-time observations that are necessary for finding 

and following eruptive events. Researchers primarily use a 

collection of satellite images of the same location to monitor 

volcanic activity, evaluate plume development, and track 

plume dispersion over time [28]. One study employed satellite 

data from Sentinel-3 to detect volcanic ash plumes ejected 

during the 2019 Raikoke eruption. Accurate detection was 

achieved by training a machine learning model with images 

from the 2010 Eyjafjallajökull eruption [29]. The same 

method is also used to monitor ground deformation caused by 

lava flows [30]. However, satellite images are still subject to 

seasonal bias. Accurate measurement of SO2, for instance, is 

affected by snow cover. Large volumes of satellite data are 

only available during the summer months with clear skies and 

no snow [31]. Other studies improve on the satellite retrieval 

accuracy by combining outputs with other approaches, such as 

ground-based monitoring methods [32]. 

Researchers often develop specific tools for monitoring 

volcanic plumes. One study created a MATLAB-based 

algorithm to classify volcanic plumes from a dataset of 

visible-wavelength images. The model used image edge 

detection as well as thresholding to automate the classification 

of plume boundaries. This led to faster interpretation with 
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minimal external input [33]. A similar web application was 

developed by Grandin et. al. to estimate daily SO2 emissions. 

The app lets you choose different input parameters and gives 

you interactive outputs to help you understand the results [34]. 

People also use algorithms to keep track of volcanic 

plumes.  Trained models can often accurately predict eruption 

parameters such as plume height, duration, volume, and MER.  

Bayesian linear regression was used by one study to forecast 

the MER by using a dataset containing historical plume 

heights from the last 28 eruptions of 18 different volcanoes 

[35]. Convolutional Neural Network (CNN) is one of the most 

popular machine learning algorithms used for monitoring 

volcanic plumes. This is mainly because it is primarily 

designed to work well in semantic segmentations and image 

classification [36]. CNNs can accurately classify spatial 

features, which can be effective in identifying plume 

structures. Some studies have used CNN with existing video 

footage to sort volcanic ash particles. This makes it possible 

to identify ash clouds in real time during volcanic activities 

[37]. This technique makes volcanic plume classification 

faster and more accurate.  

2.3. Gaps in Existing Research 

Research on volcanic plumes concentrates on analyzing 

the spatial data of volcanic plumes. Other papers focus on the 

plumes’ temporal data. These studies do not cover both 

aspects at the same time. CNNs are highly accurate in 

determining the spatial features in images.  

The algorithm can easily identify things like texture, 

density, and shape. Nevertheless, CNNs have trouble 

modeling sequential dependencies, thus producing low results 

in terms of predicting plume behavior. Long Short-Term 

Memory (LSTM) is built to handle time-series data and is 

ideal for these types of tasks [38]. However, LSTMs are not 

designed to identify intricate spatial features in images. 

Parallel CNN-LSTM models have been used in other 

studies, but applications are mainly focused on other fields. 

Most research is applied on human activity recognition, 

medical diagnostics, and climate modelling. Application of 

the CNN-LSTM to volcanic plume detection is still relatively 

small and limited [39-41]. Algorithms that can simultaneously 

process temporal and spatial features are needed to solve the 

difficulties encountered during volcanic eruptions. These can 

be seen in the ever-changing atmospheric conditions around 

volcanic environments or the varying plume emissions by the 

volcanos. 

The study focused on a unified CNN-LSTM model to 

increase the accuracy of the model in terms of classification 

and forecasting. The research aims to aid in risk reduction 

during volcanic eruptions by enhancing early warning 

systems.  

3. Materials and Methods 
3.1. Materials 

3.1.1. Hardware Specifications 
The Intel i7 processor was used together with the 

NVIDIA GPU with Compute Unified Device Architecture 

(CUDA) support. These are commonly used to provide faster 

training for models that have large datasets. The RAM used 

was 16Gb and the hard drive had a 10Gb of minimum free 

space. Table 1 shows the hardware components used to 

developed the system. 

Table 1. Hardware used during model development  

Category Requirement 

Processor Intel i7 10th Gen  

GPU NVIDIA with CUDA support 

RAM 16GB 

Disk 10GB 

 

3.1.2. Software Specifications 
Training was processed on Windows 10 and MacOS 

computing systems. Table 2 shows the software requirements 

used during the development of the model. 

Table 2. Software used during model development  

Category Requirement 

Programming 

Language 
Python 3.13 or higher  

Deep Learning  Latest stable PyTorch (torch) 

Data Handling Pandas (pandas) NumPy (numpy),  

Visualization 
Seaborn (seaborn)  

Matplotlib (matplotlib),  

Machine Learning Scikit-learn (scikit-learn) 

Computer Vision OpenCV (opencv-python)  

Development 

Tools 

Jupyter Notebook (notebook, 

ipykernel) & Visual Studio Code  

 

The Python programming language was used in the 

development of the model. This was used together with 

PyTorch for deep learning. Numpy and Pandas were also used 

for numerical computations on CSV files. Matplotlib was used 

to generate the graphs and heatmaps. 

 
3.2. Data Collection 

Video surveillance footage from ground-based cameras is 

the primary dataset of the research. The 216 hours of video 

from volcano monitoring stations were requested from the 

Philippine Institute of Volcanology and Seismology 

(PHIVOLCS). Five thousand images were extracted from 

these videos using a frame sampling technique. Images were 

chosen based on plume visibility, representing various plume 

types, such as ash, steam, and gas plumes. Supplementary data 

were requested from publicly available repositories and 

similar research that deal with plume classification and 

prediction. These additional videos and images helped to add 

diversity in the dataset. The additional data introduced plume 
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appearances in different lighting and images in varying 

environmental conditions. Diverse camera angles were also 

added to aid in the development of the model. 

3.3. Image Processing 

The dataset collected for the research is composed of 

labelled volcanic plume images grouped into three classes. 

These classes are ash, steam, and gas plumes. To avoid any 

mistakes, only pictures that clearly showed plume structures 

were used.  We cleaned up the image to get rid of any noise. 

These can happen when the image is compressed too much, 

the light is too low, or even when something in the 

environment interferes.  In this step, the image was made 

clearer to show off the features and structures of the volcanic 

plumes.  The images that were gathered were only manually 

labeled to help with the supervised learning.  The annotation 

showed the plume's different parts. 

 
Fig. 1 Annotated image sample 

Data augmentation techniques were employed to 

facilitate diversity within the training dataset.  The goal was to 

make the volcanic plumes look like they were in different 

kinds of weather.  Some of the techniques were scaling, small 

rotations, changing the brightness, and even flipping the 

image randomly from left to right.  These helped the model 

learn about a wider range of structures while still keeping the 

important parts of volcanic plumes.  The model learned both 

the spatial and temporal features of the plume well by putting 

the annotated data into labelled sequences that were then sent 

to the CNN-LSTM algorithms. The model was trained to learn 

how the plumes acted over a short period of time by using a 

fixed sequence length of 10 timesteps.  When the model was 

being made, the dataset was split into three parts.  The first 

80% was used for training, the next 10% was used for 

validation, and the last 10% was used for testing.  To reduce 

noise and keep data safe, all rows with missing or infinite 

values were found and deleted. 

3.4. Feature Extraction 

Figure 2 shows a CNN-LSTM parallel architecture that 

was made to find the spatial and temporal features of volcanic 

plumes.  Each algorithm processes plume features and plume 

patterns separately.  The spatial analysis module takes spatial 

features out of the pictures.  These are the plumes' shape, 

height, color, and texture. This aids the model to differentiate 

the varying types of volcanic plumes. The temporal analysis 

module calculates the changes in the plumes’ features. This 

can be recognized through the speed of dispersion or change 

in size over time. The results from the spatial and temporal 

modules are combined to create a single feature set. This 

output assists the model in accurately classifying the volcanic 

plume type and forecasting the plume direction. 

 
Fig. 2 CNN-LSTM parallel architecture 

3.5. Training 

The parallel CNN-LSTM architecture was employed to 

analyze volcanic plumes over a temporal sequence, as 

illustrated in Figure 3.  Using a series of convolutional and 

pooling layers, the CNN model finds patterns in the images, 

such as the shape, size, and spread of the plume.   

The LSTM model, on the other hand, learns how the 

plume behaves over time by looking at a series of pictures. 

The output from the CNN and LSTM was merged and used as 

input in the classification layer.  
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The design of the model allows it to use spatial data to 

classify volcanic plumes as well as temporal information to 

determine possible plume directions based on initial values. 

The parallel architecture was implemented using 

TensorFlow/Keras and was adjusted through the Adam 

optimizer. The learning rate used was 0.001 over 100 epochs 

during training. A batch size of 32 was implemented, as well 

as early stopping to prevent any overfitting. Training was 

stopped, and the best weights were restored if there was no 

improvement in the validation loss after five consecutive 

epochs were run. 

 
Fig. 3 Parallel CNN-LSTM algorithm 

3.6. Validation 

The 10% validation set was set aside to test how well the 

developed model could work with data that wasn't used for 

training.  Keeping an eye on how well the model works on 

data it has not seen before can help you find problems with 

overfitting or underfitting.  We also change hyperparameters 

and regularization techniques based on the accuracy and 

validation loss to make the model more stable and reliable 

when it comes to making predictions.  Random sampling was 

used to keep the distribution of plume types balanced when 

the data was split up. 

3.7. Testing 

Ten percent of the full dataset was set aside for testing in 

order to get accurate results.  The classification module's 

performance metrics were accuracy, precision, recall, and F1-

score.  The model's predictive reliability was tested using 

MSE, MAE, and R2.  The model was checked for bias and 

overfitting, and changes were made so that it always gave the 

same results. 

4. Results and Discussion 
4.1.  Model Performance 

The high evaluation scores showed that the model could 

be used in systems that need to know exactly where plumes 

are going, especially when volcanoes are erupting.  Figure 4 

shows that the relationship between the training and validation 

loss curves steadily went down during the training process. 

This shows that the model was able to find the patterns in the 

data set.  The loss values also dropped suddenly and then 

stayed at a lower level, which means that the model reached 

convergence.  The close distance between the training and 

validation loss curves also shows that the model did not overfit 

or underfit. The output shows that the model produces 

constant results during the testing process. 

 
Fig. 4 Angle prediction metrics 

Figure 5 shows the relationship between the actual and 

predicted values for the plume direction. The graphs proves 

that the points are clustered together forming a straight line 

that matches the plot line. This shows that the model is very 

good at predicting which way volcanic plumes will go.  

 
Fig. 5 Plume direction accuracy results 
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The MSE results of 0.0870 show the minor difference 

between the actual and forecasted values. This means that the 

model’s predictions are accurate and consistent. The MAE 

produced a result of 0.1252, which means that the model’s 

prediction is about 0.13 radians off from the plume’s actual 

direction. 

The model produced an R2 score of 0.9217, which means 

it can identify more than 92% of the variations in the plume 

direction data. These different patterns in the plume direction 

are influenced by several factors, including the plume height, 

emission speed, and wind conditions. The high R2 result is 

useful in determining plume behavior and predicting the 

possible direction of volcanic plumes. 

Table 3. Plume classification results  

Class Precision Recall F1-Score 

Ash plume 1.0000 0.7500 0.8571 

Steam plume 0.9954 0.9977 0.9965 

Gas Plume 0.9787 1.0000 0.9892 

 

The research used precision, recall, and F1-score to 

measure the results of the model. These metrics are commonly 

used on imbalanced datasets or multiple classes. The tests 

show that all the plume types are accurately classified, as 

shown in Table 3. The ash plume type produced the highest 

score with a 1.00 for precision, 0.75 for recall, and 0.8571 for 

the F1-score. This means that the model was mostly right 

about ash plumes, but it still missed a few real ones.  The 

model had a precision score of 0.9954, a recall score of 

0.9977, and an F1-score of 0.9965 for steam plumes.  This 

means that the model finds steam plumes with the most 

accuracy and consistency.  The gas plume class also did very 

well, with a precision of 0.9787, a recall of 1.00, and an F1-

score of 0.9892.  This means that the model can also tell the 

difference between gas plumes, but not as well as it can tell 

the difference between steam plumes. The integrated parallel 

CNN-LSTM architecture enhances the performance of the 

developed model. Most of the research that was cited only 

looked at one algorithm, like CNN for plume detection.  The 

models developed on the cited papers focus on identifying 

static plume characteristics. Some research extracts 

information from satellite images. Others used traditional 

image processing methods. These techniques produce low 

accuracy when used in varying weather conditions. On the 

other hand, the research integrated batch normalization, L2 

regularization, and balanced the dataset to produce a more 

robust model. The developed model processes both the spatial 

and temporal features simultaneously. This approach aids the 

model in determining how the volcanic plumes change shape 

and disperse.  

5. Conclusion 
The outputs from the performance metrics show the 

robustness of the developed model. The CNN algorithm 

accurately identifies the plume features. Similarly, the MSE of 

0.0870 showed that the LSTM algorithm produces smaller 

errors between data points. The developed model can use 

spatial and temporal processing in identifying the volcanic 

plumes and determine their direction. The results also showed 

that the model can be used with existing volcano monitoring 

systems. It can support making timely decisions to mitigate 

risk during possible volcanic eruptions. 

Future research may focus on improving ash plume 

detection by including additional images from satellites or gas 

sensor readings. Supplementary data augmentation can also be 

done to improve accuracy. 
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