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Monitoring and classifying volcanic activity are a critical task for disaster
risk reduction and hazard management. Recent discoveries in machine
learning and deep learning have proved excellent satellite image
classification and volcanic anomaly identification capabilities, yet the
majority of existing methods suffer from small datasets, particularly on
solitary data modalities or particular cases, merely as examples. In this
research work, we put forward develop deep convolutional neural network
for volcanic activity (DCNNVA) classification specifically designed for
satellite imagery on volcanic activity. We rigorously benchmarked
DCNNVA model's strength against a total of eight state-of-the-art transfer
learning models: ResNet50, NASNetLarge, DenseNet121, MobileNet,
InceptionV3, Xception, VGG19, and VGG16. Comparative experimental
results show that proposed DCNNVA framework's overall performance
significantly surpasses its competitors with an accuracy of 99.33%, precision
of 100%, recall of 98.67%, and Fl-score of 99.33%, significantly beating
existing state-of-the-art methods. Also, we create a deployable graphical
user interface (GUI) system that is capable of real-time monitoring on
volcanic activity and generates multi-modal alert processing that can make
this research directly applicable for practical use on disaster management as
well as in early warning systems. This research contributes a scalable,
strong, as well as practical solution towards volcanic hazard identification as
well as a baseline system toward developing future multi-modal as well as
real-time geohazard tracking system frameworks.
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1. INTRODUCTION

Monitoring and classifying volcanic events are widely recognized as one of the most critical yet
challenging responsibilities faced via observatories and geoscientific institutions around the world. The
volcanic activity presents not only a significant natural hazard to human populations and infrastructure but
also a fundamental area of study for understanding earth dynamic systems. Traditionally, the observation and
analysis of volcanic activity have relied heavily on ground-based monitoring systems, manual image
interpretation, and conventional statistical models. However, these approaches were often limited by
temporal delays restricted coverage, and the high costs associated with on-site monitoring. The rapid
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advancement of remote sensing technologies, especially the growing availability of high-resolution
multispectral and thermal satellite imagery, has greatly expanded the ability of researchers to monitor
volcanic activity at both local and global scales. Supported by increased computational power, these tools
now allow large-scale data processing and real-time monitoring capabilities that were previously unattainable
using traditional approaches [1]. At the same time, artificial intelligence has emerged as a transformative
approach for handling complex high-dimensional datasets, and with machine learning and deep learning
techniques have shown exceptional effectiveness in solving problems related to image classification,
anomaly detection, and predictive modeling [2], [3].

A major research focus was the classification of satellite imagery, which plays a crucial role in
detecting subtle thermal anomalies, gas emissions, land cover shifts, and other indicators of volcanic activity.
Recent work has shown that immune-inspired machine learning algorithms and other models can
significantly boost classification accuracy even when datasets are noisy or limited [4]. Among deep learning
models, convolutional neural networks (CNNs) stand out as one of the most effective techniques for remote
sensing applications. CNNs have a unique capability to automatically extract hierarchical and spatial features
from images, which allows them to surpass traditional methods that rely on handcrafted features [5].
This strength is especially important in volcanic monitoring, where detecting subtle spatiotemporal patterns
can be critical for identifying early signs of activity. In addition, the use of transfer learning has further
improved CNN performance. Models that have been pre-trained on large-scale datasets such as ImageNet can
be fine-tuned for volcanic image classification. This approach significantly reduces the requirement for large
amounts of domain-specific training data while simultaneously boosting classification accuracy [6], [7]. Such
approaches are particularly valuable in volcanic monitoring, where annotated datasets are scarce and
imbalanced. Despite significant progress, existing methods face challenges related to scalability,
generalization across different volcanoes, and the integration of multimodal satellite data. Artificial
intelligence methods and pixel-based classifiers have shown potential, but their application to volcanic
activity remains limited.

The contributions are thus concluded to be as follows:

i)  Introduces a deep learning-based framework for volcanic activity classification using a custom-designed
develop deep convolutional neural network for volcanic activity (DCNNVA) architecture.

ii) Comprehensive model evaluation via eight state-of-the-art transfer learning models, such as ResNet50,
NASNetLarge, DenseNet121, MobileNet, InceptionV3, Xception, VGG19, and VGG16.

iii) Enhanced model robustness via data augmentation techniques and extensive experimental validation
uses multiple performance metrics.

iv) Deployable graphical user interface (GUI) system that provides real-time volcanic activity monitoring
with multi-modal alert capabilities, making the research practically applicable for disaster management.

The structure of this paper is outlined as follows: section 2 presents the related work, reviewing
previous studies and recent developments relevant to this research area. Section 3 the materials and methods,
provides details of the architecture, methodology, datasets, pre-processing, dividing data, investigated
models, and evaluation metrics. Section 4 results and discussion with comparisons to related studies in the
literature. Finally, section 5 presents the conclusions.

2. RELATED WORK

Recent research has explored the use of machine learning and deep learning for satellite image
classification and volcanic activity monitoring. Early studies applied pixel-based machine learning; similarly,
Ebrahimy and Zhang [8] increased classification accuracy by applying various extreme learning machine
classifiers together. Ouchra ef al. [9] compared supervised and unsupervised machine learning techniques of
urban land covering classification by employing Landsat 8 imagery and emphasized methodological
differences applied to feature extraction. In volcanic contexts, Cariello et al. [10] showed the application of
machine learning to Sentinel-2 imagery to track volcanic thermal anomalies, while Buttar and Sachan [11]
utilized ResNet-152 to classify and geo-image images with a focus on the requirement of automated feature
extraction. Corradino et al. [12] utilized U-NET to analyze 21 years of advanced spaceborne thermal
emission and reflection radiometer (ASTER) global thermal infrared (TIR) imagery of five volcanoes and
attained 93% effectiveness of anomaly detection. Similarly, Shultz [13] presented the CNN-based frame,
hotspot learning and identification network (HotLINK), tested and proved with moderate resolution imaging
spectroradiometer (MODIS) and visible infrared imaging radiometer suite (VIIRS) data collections, and
attained over 95% accuracy of hotspot identification.

Other approaches have used CNNs in non-image domains. Ofiate et al. [14] forecasted
micro-earthquakes using manifold learning and audio-driven features, and achieved over 94% accuracy.
Nunnari and Calvari [15] contrasted eight CNN models for eruptive activity monitoring of Mount Etna and
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established transfer learning as superior. Chen et al. [16] proposed transfer learning-based VGG (TVGG) for
remote sensing image classification with 99.18% accuracy based on a VGG-based transfer learning
technique. Mohan et al. [17] introduced Hotspotter, an end-to-end system designed to automatically detect
subtle volcanic thermal anomalies in satellite imagery while also generating key thermal statistics. Earlier
methods for automated volcanic thermal feature (VTF) detection were limited by small datasets and narrow
geographic coverage. The Reed-Xiaoli algorithm (LRX)+CNN approach, which trained CNN for 50 epochs
on the LRX score images, produced an Fl-score of 88.4% and a test accuracy of 90.3%. Huertas et al. [18]
developed VGG16 and Inception CNN models to analyze mud volcano imagery and findings show that both
transfer learning and custom CNNs are well-suited for handling the challenges of this type of data. The
VGG16 model achieved test accuracy of 93%, with precision and recall scores of 93% and 94% for the
“mud” class and 93% and 93% for the “no mud” class. The Inception model also demonstrated stable
performance with only minor variation.

In summary, the studies to date have utilized several various datasets and variety of machine
learning and deep learning algorithms techniques to volcanic monitoring and satellite image classification.
While these approaches demonstrate significant progress, most remain at the experimental stage and lack
practical deployment. In particular no existing research has proposed a comprehensive framework that
integrates a deployable GUI with real-time volcanic activity monitoring and multi-modal alerting capabilities
features that are essential for effective disaster management applications. Furthermore, many studies are
constrained by limited datasets and inconsistent performance across different contexts, highlighting the need
for more robust, scalable, and practically applicable solutions. A comparative analysis of the previous related
work is presented in tabular form in Table 1.

Table 1. Summary of recent machine learning and deep learning for volcanic satellite image classification

Reference/year Dataset Methods Results (%) Weakness
Corradino et al. [12], 21 years of ASTER CNN (U-NET Accuracy =93 Limited to ASTER TIR imagery,
2024 TIR data (5 architecture) model generalizability to other
volcanoes) sensors not tested.
Shultz [13], 2024 VIIRS and MODIS CNN (HotLINK) Accuracy =98 Dataset geographically restricted
imagery (Alaskan (Alaska), limited validation on
volcanoes) diverse volcanic settings.

Oiiate et al. [14],
2024

Audio
features+psychoacoustic

Seismic data
(Cotopaxi and

Accuracy =94.44—
95.45

Focused on seismic data only,
lacks multi-modal integration

Nunnari and Calvari
[15], 2024

Llaima)
Ground-based
thermal images (Mt.

scalestmanifold learning
Comparison of 8 CNNs
(SqueezeNet, GoogleNet,

Accuracy =94.07

with satellite imagery.
Results restricted to one
volcano, computationally

Etna) DenseNet201, ResNetl8,
ShuffleNet, DarkNet19,

AlexNet, VGG-16)

expensive due to multiple CNN
comparisons.

Chen et al. [16], Tiangong-2 remote TVGG (from ImageNet) ~ Accuracy =99.18 Relies heavily on transfer

2024 sensing dataset Recall =99.17 learning and lacks testing on
volcanic datasets.

Mohan et al. [17], Thermal satellite LRX+CNN (50 epochs) Accuracy =90.30 Dataset relatively small,

2025 data F1-score =88.40 performance lower than other
CNN-based models.

Huertas et al. [18], INGV (mud volcano ~ VGG16 and Inception Accuracy =93 Focus limited to mud volcanoes;

2025 imagery) CNN Precision =93 performance stability across

Recall =94 broader datasets not assessed.

3. MATERIALS AND METHODS

This section contains the materials and methods framework used in this study, which is visually
summarized in Figure 1. The methodology is structured into six main steps: data acquisition, data
preprocessing, data division, model development and training, evaluation, and deployment.

3.1. Data acquisition

This kind of dataset consists of the images of the volcanic activity, and this has been gotten from
satellite images. The following figures of several images taken from several classes of volcanoes
(YesActivity) and (NoActivity) are presented in Figure 2. The complete dataset used for this experiment is
publicly available online [19].

3.2. Data preprocessing
To ensure that the data was standardized and optimized for deep learning, several preprocessing
steps were applied to the images, and steps were aimed at making the dataset more uniform, reducing
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variability, and allowing the model to generalize more to new data. Preprocessing pipelines involved
rescaling and resizing transformations, normalization of the pixels, and the application of data augmentation
strategies. Data augmentation was particularly important, as it effectively increased the size of the dataset and
introduced variations that simulate real-world conditions (different orientations, scales, and distortions). This
helps to prevent overfitting and improve robustness, as shown in Figure 3. The augmentation was performed
using the Augmentor library and the specific transformations, and their probabilities are shown in Table 2.

DL Models
DCNNVA

ResNet50

NASNetLarge

DenseNetl21

e

MobileNet

InceptionV3

Xception

'
:
i
'
\
i
‘ VGG19
- '
'
‘ VGG16 '

YesActivity NoActivity

=

Figure 1. Proposed framework for volcanic activity classification using satellite imagery

Testing

NoActivity

YesActivity

Figure 2. Sample satellite images from the 'yes activity' and 'no activity' volcanic dataset classes

NoActivity

YesActivity

Figure 3. [llustration of data augmentation techniques applied to original volcanic images
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Table 2. Data preprocessing and augmentation parameters for model training

Preprocessing step Details
Rescaling 1/255.
Size (224, 224).

Data augmentation ~ Technique.
Flip left right: probability of 0.3.
Flip top bottom: probability of 0.5.
Rotate: probability of 0.5, with a maximum left and right rotation of 5 degrees.
Zoom: probability of 0.3, with a zoom factor between 1.1 and 1.2.
Random distortion: probability of 1, with a grid width and height of 3 and a magnitude of 5.

3.3. Data division

To prepare the dataset for training and evaluation, we divided it into training, validation, and testing
subsets. The set was divided to be 75% for training (2,250 images), 15% for validation (350 images), and
20% for testing (600 images); all of these sets have two classes. The overall set had 3,000 images across two
categories, as shown in Table 3.

Table 3. Dataset partitioning for model training, validation, and testing

Subset Number of images  Percentage (%)  Number of classes
Training 2,250 75 2
Validation 350 15 2
Testing 600 20 2
Total 3,000 100 2

3.4. Deep learning models and architecture

Current breakthroughs in deep learning have immensely propelled the progress of satellite image
processing, specifically regarding the identification of natural phenomena like volcanic activity. Employing
CNNs and transfer learning facilitates quick feature detection from data of high dimensionality, while at the
same time overcoming difficulties stemming from limited datasets with annotations. Herein, we put forward
a new DCNNVA and eight pre-existing transfer learning models, ResNet50, NASNetLarge, DenseNet121,
MobileNet, InceptionV3, Xception, VGG19, and VGGI16, to build a complete classification system of
volcanic satellite images.

3.4.1. Deep convolutional neural network for volcanic activity
Volcanic activity (DCNNVA) is a customized architecture developed only for volcanic activity
classification using satellites, and the network is so designed that it maintains a balance between computation
efficiency and classification accuracy, and therefore is usable for near real-time monitoring. It is a
combination of space features, extracting convolution and pooling operations, and fully connected layers
utilized at the time of classification (=1.19 M trainable parameters).
i)  Convolutional layers: the convolutional operation extracts hierarchical representations from input
images by applying learnable kernels. Mathematically, the convolution at layer [ can be expressed as

presented in (1).
—1yn- -1
2 = ymaayncia Y w4+ b0 (1)

Where xU~1 represents input from the previous layer, w) is a convolutional kernel, b is biased, and

zi(? is the feature map at position (i, j). The non-linear activation function ReLU (o(z) = max(0, z))

is applied to introduce non-linearity.
il) Pooling layers: to reduce spatial dimensions while preserving essential features, max pooling is use
pooling operation is defined in (2).

Pi,j = MaX(mmn)en (Zi+m,j+n) 2)

Where 2 denotes the pooling region operation decreases computational complexity and controls
overfitting via introducing translational invariance.

iii) Fully connected layers: the extracted features are flattened and passed to fully connected dense layers
for classification. The transformation is given in (3).
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y=oW,+b)

Where W and b denote the weights and biases of dense layer, respectively, and ¢ represents the ReLU
or softmax activation function, depending on layer. The final softmax classifier produces a probability

over two output classes, where C =2 corresponds to the number of classes presented in (4).

POy =c/*) =&

v)

L= _Zliv=1 Zg=1 Yic lOg y\i,c

exp (z¢)
—1€XP (k)

ce{1,2}

Where y; . is the ground truth label and J; . is the predicted probability for class c.

The DCNNVA consists of five convolutional layers (64-256 filters), each of which is followed by
max-pooling focusing on dimension reduction, a fully connected 256-neuron layer, a dropout layer, and a
final output classification softmax layer. It has roughly 1.19 million trainable parameters, corresponding to a
light but deep architecture friendly to scalability and efficiency. The model was optimized using the Adam
optimizer with a learning rate of 0.001, and trained with the categorical cross-entropy loss function. Training
was conducted with a batch size of 32 over 10 epochs, using the Google Collaboratory platform with an

NVIDIA Tesla T4 GPU (16 GB). Figure 4 shows the DCNNVA architecture.
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3.4.2. ResNet50

Introduced by He er al. [20], ResNet50 introduces residual learning through identity shortcut
connections. This mitigates the problem of vanishing gradients in deeper networks. By stacking
convolutional blocks with residual links, the model enables stable training and improved feature extraction,

Figure 4. Architectural diagram of the proposed DCNNVA

making it well-suited for complex image classification tasks such as volcanic activity recognition.

3.4.3. NASNetLarge

NASNetLarge, introduced by Zoph et al. [21], is a neural architecture search (NAS)-discovered
architecture that is aimed at optimizing network structures autonomously for higher performance. It is a
modular architecture that utilizes reduction and normal cells. The model can achieve scalable depth and

width with accuracy and computational efficiency.
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3.4.4. DenseNet121

DenseNet121, introduced by Huang et al. [22], connects each network layer with all other network
layers feed-forwardly and promotes feature reuse and efficient gradient flow. This dense connection
minimizes redundancy and improves learning efficiency. It also promotes the ability of the model to identify
subtle volcanic features based on satellite data.

3.4.5. MobileNet

MobileNet, presented by Howard et al. [23], is a lightweight CNN architecture designed specifically
for mobile and embedded vision applications. By using depthwise separable convolutions and substantially
decreases computation and memory requirements. It maintains accuracy, making it a likely candidate for
real-time volcanic activity monitoring.

3.4.6. InceptionV3

InceptionV3, proposed by Szegedy et al. [24], improves the efficiency of CNNs using factorized
convolutions and dimension reduction methods of the inception modules. Its architecture enables the network
to achieve multi-scale feature capture at once. It also enhances volcanic image diversity-based
recognition performance.

3.4.7. Xception

Xception, stated by Chollet [25], extends the Inception architecture via replacing inception modules
with depthwise separable convolutions. This structure decouples spatial and channel-wise filtering. It leads to
improved representational capacity and efficient training.

3.4.8. VGG19 and VGG16

VGG structured by Simonyan and Zisserman [26] (VGG16 and VGG19) are distinguished by their
plainness and consistent architecture and are based on successive convolutional layers with tiny (3x3) filters.
Although deep, these models are powerful in all image classification tasks. Their simple architecture also
makes transfer learning feasible for detecting volcanic activity.

3.5. Evaluation performance

The trained models were assessed on the testing dataset using several performance measures,
including accuracy, precision, recall, and F1-score. The formulas for all performance values are presented in
(6)-(9). These values were computed using the confusion matrix shown in Table 4.

TP+TN

Accuracy = ————— (6)

TP+TN+FP+FN
. . TP

Precision = 7

TP + FP
TP
Recall = ®
TP+FN
_ — 2 X Precision XRecall
F1 score = Precision + Recall (9)

Table 4. Structure of a confusion matrix for binary classification
Actual positive Actual negative
Predicted positive ~ True positive (TP) False positive (FP)
Predicted negative  False negative (FN)  True negative (TN)

3.6. Deployment model

To facilitate practical utilization and demonstrate the real-world applicability of the proposed
DCNNVA model, a standalone desktop application was developed. This system tool bridges the gap
between experimental validation and the end-user application. It provides an intuitive platform for volcanic
activity assessment.

4. RESULTS AND DISCUSSION
The experimental results clearly indicate that the new DCNNVA model greatly surpassed all
transfer learning networks with a maximum accuracy 99.33% and almost perfect precision 100%, which
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clearly shows that it can accurately identify volcanic activity. Its strong ability to suppress false negatives is
further confirmed by its high recall value 98.67%, which is very important in early warnings regarding
volcanic hazards. However, we can see that ResNet50 performed poorly with a very low accuracy level of
only 68%, which we attribute to the fact that its deeper residual units are not optimal for this dataset.
MobileNet, DenseNet121, and InceptionV3 performed equally well (95-96% accurate), but failed to reach the
accuracy of the DCNNVA. Other older designs, such as VGG16 and VGG19, performed lower in accuracy
levels compared to new architecture designs. A summary of the results is provided in Figure 5.

To better illustrate the classification performance, Figure 6 plots the confusion matrices of all
algorithms. These contain a graphical representation of true positives, true negatives, false positives, and
false negatives within the “volcanic activity” and “no activity” classes. Analysis of the confusion matrix
confirms the superiority of the DCNNVA model, which correctly classified almost all samples but contained
a negligible number of false negative 4 cases of volcanic activity misclassified as no activity. Contrary to
this, numerous misclassifications were witnessed in ResNet50, primarily the absence of detection of volcanic
activity in a majority of cases. MobileNet, DenseNet121, and InceptionV3 performed outstandingly but with
a slightly higher misclassification rate compared to DCNNVA. The graph of training and validation accuracy
of DCNNVA for ten epochs is shown in Figure 7. From the graph, the accuracy of the model increases very
fast at each epoch, but slows down from epoch 4 up to the last epoch.

100

1]
0 I

Score
& O @
3 g

~
o

DCNNVA ResNet50 NASNetlarge DenseNet121 MobileNet InceptionV3 xneprmn VGG16 VGG19
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Figure 5. Accuracy comparison of the proposed DCNNVA model against state-of-the-art
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Figure 6. Confusion matrices comparing the classification performance of DCNNVA
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Figure 7. DCNNVA training and validation performance over 10 epochs

The superior performance of the DCNNVA model warranted its transition from a research prototype
to a practical tool. To this end, a functional desktop application was developed and deployed. This
application provides a user-friendly interface that allows end-users, such as geologists or monitoring station
personnel, to perform real-time volcanic activity assessments. The deployment successfully demonstrates the
model's operational viability. As shown in the application interface Figure 8, users can upload satellite
imagery, and the system returns an instantaneous classification ("active" or "no active") accompanied by a
confidence score. The interface clearly displays the prediction, for instance, "prediction: no active |
confidence: 99.30%" (Figure 8(a)) or "prediction: active | confidence: 99.90%" (Figure 8(b)), providing
transparent and immediate results to the operator. Crucially, the application incorporates a multi-modal alert
system that, upon detecting "active" volcanic activity, triggers a clear, synthesized voice warning: "warning!
volcanic activity detected." This feature is designed to capture the operator's attention immediately, which is
paramount in high-stakes monitoring environments. The successful integration of the high-accuracy
DCNNVA model into this deployable system underscores and also readiness for use in quasi-real-time
decision-support scenarios, effectively bridging the gap between theoretical model performance and
practical, on-the-ground utility.

Figure 8. DCNNVA application interface for volcanic activity classification of (a) "no active" (b) "active"

Furthermore, performance and practical implementation of the proposed DCNNVA model are
compared to contemporary literature review in Table 5. The analysis reveals that, however various studies
have achieved high accuracy, our work distinguishes two critical areas: i) achieving the best overall
performance across multiple metrics and ii) successfully bridging the gap to a practical deployable tool. This
practical tool features a user-friendly GUI for real-time analysis and incorporates a unique multi-modal alert
system that provides immediate auditory warnings upon detection of volcanic activity. This combination of
state-of-the-art predictive performance and a functional attention-grabbing deployment platform represents a
significant contribution to the field of operational volcanic hazard monitoring.
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Table 5. Comparative analysis of volcanic activity detection methods

Reference Methodology Performance (%) Deployment Alert system
Corradino et al. [12] CNN (UNET) Accuracy =93 Not reported Not reported
Shultz [13] CNN (HotLINK) Accuracy =98 Not reported Not reported
Onate et al. [14] Audio features + manifold learning Accuracy =94.44 to 95.45 Not reported Not reported
Nunnari and Calvari [15]  Comparison of 8 CNNs Accuracy =94.07 Not reported Not reported
Chen et al. [16] TVGG Accuracy =99.18 Not reported Not reported
Recall =99.17

Mohan et al. [17] LRX+CNN Accuracy =90.30 Not reported Not reported
F1-score =88.40

Huertas et al. [18] VGG16 and Inception CNN Accuracy =93 Not reported Not reported
Precision =93

Our work Proposed DCNNVA Accuracy =99.33 Yes (functional Yes (text-to-
Precision =100. desktop speech audio
Recall =98.67 application) alarm)

F1-score =99.33

5.  CONCLUSION

In this study, a developed DCNNVA classification was rigorously validated and successfully
deployed. The model was evaluated against eight state-of-the-art transfer learning architectures, including
ResNet50, NASNetLarge, DenseNetl121, MobileNet, InceptionV3, Xception, VGG16, and VGG19. The
experimental results demonstrate that proposed DCNNVA model consistently outperformed all model
networks across all evaluation metrics, achieving accuracy (99.33%), precision (100%), recall (98.67%), and
Fl-score (99.33%). The comprehensive analysis supported by confusion matrices and training graphs
confirms the model's robust capability to minimize both false positives and false negatives, with a
particularly strong performance in reducing false negatives, a critical requirement for early warning systems
in volcanic hazard monitoring. Beyond theoretical performance, this research makes a substantial practical
contribution through the successful development and deployment of an operational desktop application, and
implementation represents a significant advancement beyond current state-of-the-art approaches, bridging the
gap between experimental models and practical utility. The application features an intuitive graphical
interface for real-time monitoring and incorporates a pioneering multimodal alert system that provides
immediate auditory warnings upon detection of volcanic activity, a feature absents in comparable studies.
Future work will aim to extend the current architecture to support multi-class classification of volcanic
activity, allowing for more nuanced recognition of different eruption types, and the framework will be
enhanced through the integration of multimodal data, combining information from sources such as satellites
and ground-based seismic sensors. Finally, efforts will focus on deploying this system in operational
monitoring networks to strengthen early warning systems and improve disaster response strategies.
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