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Abstract
Galamsey, also known as illegal small-scale mining, persists in causing significant damage to Ghana's
environment, including water bodies, agricultural areas, and public health. The present study introduces
a comprehensive approach that utilizes Artificial Intelligence (Al) technology to promptly identify,
oversee, and forecast illicit mining operations. By employing satellite imaging, drone monitoring,
predictive analytics, and machine learning models, we propose a scalable and effective method to reduce
the environmental and economic impact of galamsey. A methodology is presented that describes the
development and execution of an artificial intelligence system utilizing actual data from high-risk
mining areas in Ghana. The present study provides empirical evidence supporting the efficacy of
artificial intelligence (Al) in facilitating real-time surveillance and forecasting forthcoming illicit
mining operations. Furthermore, we address possible obstacles, including technical constraints, privacy
issues, and the scarcity of proficient staff, and provide suggestions for surmounting these hindrances.
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1.0 INTRODUCTION

1.1  Definition of Galamsey

Galamsey refers to illicit small-scale mining
activities that lie beyond the legal framework
governing mining in Ghana. These operations
have produced serious environmental damage,
including deforestation, water pollution, and
land degradation, as miners often exploit
natural resources without following to
environmental standards (Daniel, Angko, &
Tanyeh, 2016) .

1.2 Overview of the Impact of Galamsey in
Ghana

Illegal mining has destroyed vital water
sources, including the Pra, Birim, and Ankobra
Rivers, as a result of mercury and cyanide
pollution. This pollution has harmed water
sources for both agricultural and domestic use,
worsening health concerns such as skin
ailments, respiratory troubles, and digestive
disorders in local communities (Ghana Water
Company Limited, 2022). Additionally, illicit
mining undermines food security, as farmlands
are devastated, prompting rural relocation and
social unrest (Emmanuel, Jerry, & Dzigbodi,
2018).

1.3 Introduction to Al Technology

Artificial Intelligence (Al) refers to the
emulation of human intelligence in machines,
enabling them to execute tasks such as visual
perception, decision-making, and pattern
recognition. Machine learning, a type of Al, has
been widely employed in different sectors,
including environmental monitoring and law
enforcement, and offers possible answers to
detecting and combatting unlawful mining
activities (Nti et al., 2023).

Acrtificial Intelligence (Al) has emerged as a
viable solution to many global concerns,
including environmental monitoring and law
enforcement. Al technology such as machine

learning, satellite imagery analysis, and
automated drones can deliver real-time insights
and predictive capabilities that go beyond
traditional methods. The work of Korda,
Dapaah & Akolgo in Al demonstrates the
revolutionary impact Al may play in several
areas, including education, with technologies
such as chatbots (Korda, Dapaah, & Akolgo,
2024). In the work of Akolgo et al. they
explored the transformative impact of artificial
intelligence  (Al) in healthcare. They
highlighted how Al technologies, such as
chatbots, have revolutionized healthcare by
enhancing patient engagement, supporting
personalized care, and improving access to
medical information (Akolgo, Korda, Dapaah,
2024)

Similarly, Al may be exploited in the fight
against galamsey, notably by providing
scalable and effective tools to monitor unlawful
activity and identify high-risk regions.

While the promise of artificial intelligence (Al)
in solving galamsey is immense, its application
IS not without problems. Technical obstacles,
such as limited internet access and inconsistent
power supply in remote and rural locations,
could hinder the seamless operation of Al
systems. These limits may result in insufficient
or delayed monitoring data, decreasing the
reliability of the Al-powered solutions (Dadzie,
2024). Moreover, privacy considerations
around the employment of Al monitoring
techniques could lead to resistance from local
communities. Such resistance could hinder the
adoption and acceptance of these solutions,
reducing their efficacy in combatting illegal
mining activities.

Another critical challenge is the shortage of
skilled personnel proficient in Al and data
analytics. This skills gap may result in errors in
data interpretation or inefficient deployment
and maintenance of Al systems, ultimately
compromising the study’s findings. These
limitations, if unaddressed, could skew the
study’s results by restricting the real-world
applicability and scalability of the proposed

Academy Journal of Science and Engineering 19(1)2025

Page |103

This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY)



Combating Illegal Small-Scale Mining ...

Dennis RK ....

solutions. Despite these challenges, this study
aims to explore strategies to mitigate these
barriers, including the use of scalable Al
models, capacity-building initiatives, and
ethical frameworks to address privacy
concerns. Understanding and accounting for
these limitations is essential to developing
robust, context-appropriate Al interventions
that align with Ghana’s socio-economic and
environmental realities.

1.4 Research Questions

This study is guided by the following research

questions to establish its emphasis and

structure:
OIn what ways may artificial intelligence
technology improve the identification and
surveillance of illegal mining activities
(galamsey) in Ghana?

I.  What problems and limits are involved
with the implementation of Al-driven
solutions in rural and poor regions?

ii. What specific Al tools and
methodologies are most effective in
addressing the  complexities  of
galamsey operations?

iii. How can Al integrate with existing
policies and frameworks to provide
sustainable solutions?

These questions aim to delineate the study’s

scope and contribute to a deeper understanding

of how Al can be leveraged for combating
galamsey.

2. CURRENT EFFORTS TO COMBAT
GALAMSEY

2.1 Government Policies and Regulations
The government of Ghana has introduced
different efforts to combat galamsey. The
Ministry of Lands and Natural Resources
launched the "Multilateral Mining Integrated
Project” (MMIP) in 2018 to offer a sustainable
framework for small-scale mining (Asante
Boakye, Zhao, & Ahia, 2023). Additionally,
the Inter-Ministerial Committee on lllegal
Mining (IMCIM) was established to oversee

the execution of restrictions. However, the
prevalence of unlawful mining implies
considerable obstacles in enforcement and
policy execution (Ministry of Lands and
Natural Resources, 2021).

2.2 Enforcement Efforts by Authorities

Authorities, with help from the military and
police, began "Operation Vanguard" to clamp
down on illegal miners. Despite the operation’s
success in some places, difficulties such as
corruption, insufficient resources, and the
breadth of mining areas have restricted its
overall efficacy (Gallwey, Robiati, Coggan,
Vogt, & Eyre, 2020). Galamsey operators often
migrate fast or exploit weaknesses in the

system, rendering enforcement measures
inadequate.
2.3 Challenges Faced in Combating
Galamsey
Corruption, lack of proper logistics, and

problems in locating illicit miners across wide,
forested areas offer continuous issues. Illegal
mining syndicates usually rely on mobile
mining equipment, making it difficult for
authorities to track and arrest them
(Atampugre, Mensah, Boateng, Mabhaudhi, &
Cofie, 2022).

3. HOwW Al
GALAMSEY
3.1 Use of Satellite Imagery to Monitor
Illegal Mining Activities

Satellite photography gives a cost-effective
approach to monitor broad areas. Al-based
image analysis can be used to interpret satellite
data from platforms like Landsat and Sentinel-
2 to detect anomalies such as deforestation or
land degradation, which are signs of illegal
mining activity (Pantserev, 2022). Deep
learning models, such as Convolutional Neural
Networks (CNNs), are trained to categorize
regions based on picture input.

CAN HELP FIGHT
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3.2 Implementation of Al Algorithms to
Identify Potential Areas of Illegal Mining

Al algorithms, especially CNNs, can identify
high-risk regions for illegal mining by
assessing environmental factors including soil
composition,  vegetation changes, and
proximity to water bodies. By training the
algorithm on a dataset comprising known
illegal mining sites, it can generalize to detect
new or emergent hotspots in previously
unmonitored areas (Ali et al., 2024).

3.3 Utilization of Drones for Surveillance
and Monitoring

Drones coupled with Al-driven image
recognition  technologies can  monitor
enormous areas in real time. The drones can fly
over isolated places, gathering high-resolution
photographs and relaying them to Al systems
for fast analysis. By merging drone
surveillance with satellite data, authorities can
have a more comprehensive monitoring system
(Samuel, Oladejo, & Adetunde, 2012).

4. BENEFITS OF USING Al IN FIGHTING
GALAMSEY

4.1 Increased Efficiency and Accuracy in
Detecting Illegal Mining Activities

Al models enable increased accuracy in
identifying  unlawful mining activities,
lowering the time needed to discover
operations compared to older methods.
Machine learning algorithms can assess
photographs and geospatial data with
significantly better precision than manual
inspections, which are labor-intensive and
error-prone (World Bank, 2022).

4.2 Real-Time Monitoring Capabilities

Al-driven drones and satellite systems can
deliver real-time updates on environmental
changes and mining activity, enabling faster
response. By installing a network of drones and

leveraging up-to-date satellite  imagery,
authorities can immediately respond to illegal
actions before they cause substantial

environmental
Ikonnikova, 2024).

damage (Corrigan &

4.3 Reduction in Costs Associated with
Traditional Enforcement Methods

By automating detection and monitoring, Al
minimizes the cost of on-ground activities.
Traditional approaches, which need huge teams
of inspectors, trucks, and surveillance
equipment, can be considerably decreased in
favor of Al systems that can function
continuously with minimal human interaction
(Sharma et al., 2022).

5. POTENTIAL CHALLENGES AND
LIMITATIONS OF Al IN COMBATING
GALAMSEY

5.1 Technological Limitations in Remote
Areas

Many galamsey operations occur in rural places
with low internet access, limiting the
deployment of Al systems that demand real-
time data transfer. Drones and Al-powered
cameras can potentially face issues such as
limited battery life, which restricts their
operational range (Gallwey et al., 2020).

52 Privacy Concerns Related to
Surveillance

Al monitoring technology could cause privacy
problems for local populations. While
surveillance drones are designed to monitor
illicit mining, they may sometimes catch
inadvertent footage of private persons, leading
to legal and ethical problems regarding the
extent of their wuse (United Nations
Development Programme, 2022).

5.3 Lack of Skilled Personnel to Operate Al
Systems

The adoption of Al solutions requires trained
staff for data management, algorithm creation,
and system maintenance. Ghana now has a
dearth of personnel with the expertise needed
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to create and manage these
successfully (Quarm et al., 2022).

systems

5.4 Ethical Implications of Al in surveillance
While the potential of artificial intelligence
(Al) in addressing galamsey is vast, its
implementation is not without challenges.
Recent studies have explored the ethical
implications of Al in surveillance, particularly
in monitoring activities in sensitive areas. For
instance, Cath et al. (2018) highlight concerns
regarding the invasion of privacy and the risk
of misuse of surveillance data, which can erode
public trust in Al systems. Similarly, Fjeld et al.
(2020) emphasize the importance of
implementing Al solutions within a clear
ethical framework to ensure accountability and
transparency. These findings are directly
relevant to the use of Al in combating
galamsey, where community acceptance and
trust are essential for the success of such
interventions.

Technical constraints, such as inadequate
internet connectivity and unstable power
supply in rural areas, remain a significant
barrier to the seamless operation of Al systems.
These limitations could result in incomplete or
delayed monitoring data, reducing the
reliability ~ of  Al-powered  solutions.
Furthermore, privacy concerns surrounding the
use of Al surveillance tools could lead to
resistance from local communities, particularly
if they feel excluded from decision-making
processes. Without addressing these concerns,
the adoption and acceptance of Al in combating
illegal mining activities may be significantly
hindered.

Another critical issue is the shortage of skilled
personnel proficient in Al and data analytics.
Studies such as those by O’Neil (2016) have
warned of potential biases in Al algorithms if
not properly developed and monitored by
skilled experts. This skills gap could lead to
errors in data interpretation, inefficient
deployment, or even unethical outcomes in the

use of Al for surveillance. These limitations, if
unaddressed, could skew the study’s results by
restricting the real-world applicability and
scalability of the proposed solutions. However,
Al’s potential benefits remain significant.
Studies by Eubanks (2018) and Raji et al.
(2020) demonstrate how integrating ethical Al
practices can  simultaneously  enhance
efficiency and maintain public trust in Al
systems. By incorporating ethical guidelines
into Al deployment for galamsey surveillance,
this study seeks to balance the benefits of
advanced technology with the potential
drawbacks, ensuring robust and socially
acceptable interventions.

This study aims to explore strategies to mitigate
these barriers, including scalable Al models,
capacity-building initiatives, and ethical
frameworks to address privacy concerns.
Incorporating these measures can help align Al
interventions with Ghana’s socio-economic
and environmental realities, ensuring both
effectiveness and sustainability.

6. METHODOLOGY

6.1 Data Collection and Preprocessing

We employed satellite imaging data from high-
risk mining locations in Ghana, focusing on
regions traditionally recognized for illegal
mining activity, such as the Ashanti, Western,
and Eastern Regions. The datasets were
sourced from open satellite platforms,
including the United States Geological Survey
(USGS) and Copernicus Open Access Hub
(Sentinel-2). The raw satellite photos were in
varied resolutions and spectral bands.

Drones were deployed biweekly to capture
real-time aerial images of high-risk mining
zones identified through prior analysis. The
drone missions were conducted following strict
protocols to ensure consistent and reliable data
collection. Flight paths were pre-programmed
using GIS data, and drones operated at altitudes
between 50-100 meters to achieve high-
resolution imagery. Real-time monitoring was
facilitated through GPS-enabled software,
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allowing operators to adjust flight paths
dynamically if anomalies, such as unexpected
mining activity, were detected. The collected
images were geotagged and timestamped,
ensuring traceability and integration with
satellite data for comprehensive analysis (Su &
Zhang, 2018).
Key environmental and geographical features
used as inputs included:

I.  Vegetation cover loss (Normalized

Difference Vegetation Index, NDVI)

ii.  Water body closeness

iii.  Elevation and terrain data

iv.  Land-use patterns

v.  Population density

vi.  Data Augmentation and Preprocessing
The satellite photos were pre-processed by
rescaling, cropping, and augmenting the data
(rotations, zooming, horizontal flips) to
improve model generalization. We
standardized the photos to a fixed resolution of
256x256 pixels to guarantee homogeneous
input into the CNN model. Data was split into
a training set (70%), validation set (15%), and
test set (15%).
Missing data and anomalies, such as cloud
cover in satellite images, were addressed using
a combination of interpolation techniques and
augmentation strategies. Missing regions in
satellite images were reconstructed using
bilinear interpolation, which estimates pixel
values based on neighboring pixels. For images
obscured by cloud cover, cloud segmentation
algorithms were applied to mask and exclude
affected areas during model training.
Augmentation techniques, including rotation,
flipping, and contrast adjustment, were
employed to enhance the model's robustness
and compensate for the reduced dataset size due
to anomalies. These preprocessing steps
ensured that the training data remained
representative and reliable for model
development.

6.2 Convolutional Neural Network (CNN)
Design and Implementation

Convolutional Neural Network is a deep feed-
forward artificial neural network, which has
been widely used in the field of image
recognition due to its local perception and
weight sharing (Ngu & Lee, 2022).

The choice to utilize CNNs for this research
was motivated by their exceptional capacity to
process spatial and hierarchical elements in
image data, essential for the analysis of satellite
photography (Kadhim & Abed, 2020).
Convolutional Neural Networks (CNNSs) are
proficient at discerning patterns from
unprocessed pixel data, including the
identification of areas of interest and the
differentiation of analogous textures. This
renders them especially proficient in analyzing
satellite and drone imagery, where nuanced
variations in pixel configurations frequently
indicate significant information. Conversely,
conventional Al models such as decision trees
or gradient boosting are incapable of directly
processing spatial information, necessitating
considerable feature engineering to attain
similar outcomes. Utilizing CNNs, we may
minimize preprocessing overhead while
attaining high accuracy in identifying unlawful
mining activity.

The input layer, convolutional layer, activation
layer, pooling layer, and fully connected layer
make up the majority of the CNN. An image-
processing CNN network model typically has a
four-dimensional matrix as its input layer. One
image is represented by each of the remaining
three-dimensional matrices, with the first
dimension being the total number of input
images (Reuta, Raman, & Mozgovoy, 2020).
The convolutional layer is the core layer for
building the CNN model. The convolutional
layer consists of a set of filters, which can be
considered as a two-dimensional numerical
matrix, and usually convolution helps us to
extract image features. The foundational layer
used to construct the CNN model is the
convolutional layer. Convolution is often used
to extract characteristics from images. It is
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composed of a set of filters and can be thought
of as a two-dimensional numerical matrix.

SEN=(X*W) (i,])=Zniy  Zpsy’ X (i+m,j+n)w(m,n) 1)

n=0

where X represents the input image, W is the core filter, the number of rows and columns of X
are m,- and m., respectively, and the number of rows and columns of W are n,. and n.,
respectively. And i, j satisfy the condition0<i<m, +n,-1,0<j<m, +n,- 1.

We created a CNN architecture utilizing Keras and TensorFlow frameworks to detect patterns suggestive
of unlawful mining activity. Below is the detailed CNN architecture:

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, Dropout
# CNN Model Architecture

model = Sequential()

# First Convolutional Layer

model.add(Conv2D(32, (3, 3), activation="relu’, input_shape=(256, 256, 3)))
model.add(MaxPooling2D(pool_size=(2, 2)))

# Second Convolutional Layer

model.add(Conv2D(64, (3, 3), activation="relu"))
model.add(MaxPooling2D(pool_size=(2, 2)))

# Third Convolutional Layer

model.add(Conv2D(128, (3, 3), activation="relu"))
model.add(MaxPooling2D(pool_size=(2, 2)))

# Flattening the layers

model.add(Flatten())

# Fully Connected Layer

model.add(Dense(128, activation="relu"))

model.add(Dropout(0.5))

# Output Layer

model.add(Dense(1, activation="sigmoid"))
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# Compile the model

model.compile(optimizer="adam’, loss='binary_crossentropy', metrics=['accuracy'])

6.3 Model Training

We trained the CNN model using the training data with 50 epochs and a batch size of 32. The
Adam optimizer was utilized to reduce binary cross-entropy loss, given that we were undertaking
a binary classification between unlawful mining regions and non-mining areas.

history = model.fit(train_data, epochs=50, validation_data=validation_data, batch_size=32)

6.4 Results and Performance Evaluation
We tested the CNN model using precision, recall, F1-score, and AUC (Area Under Curve),
utilizing the following steps:
Dataset Splitting: The dataset was divided into training, validation, and testing sets. Typically,
the training set is used to train the model, the validation set is used to tune hyperparameters, and
the test set is held back for final evaluation.

i.  Training set: 70%

Ii. Validation set: 15%

iii. Test set: 15%
Model Training: The CNN was trained using the training dataset, where the model learned to
recognize trends in environmental and geographical features linked with illicit mining. The Keras
and TensorFlow frameworks were used to develop, implement, and train the model.
Model Testing: After training, the CNN model was evaluated on the test dataset, which contained
unseen data. During this phase, predictions made by the model were compared to the actual labels
(ground truth).
Confusion Matrix: The confusion matrix was used to track the amount of true positives, true
negatives, false positives, and false negatives from the test dataset. These values were then utilized
to compute the above metrics. The test dataset contains 1,000 instances (predictions), and after
running the CNN model on this test dataset, we obtain the following confusion matrix:

Table 6.1: Confusion matrix

Predicted Positive Predicted Negative
Actual Positive (Hlegal True Positive (TP) =420 False Negative (FN) = 80
mining)
Actual Negative (Legal False Positive (FP) =60  True Negative (TN) = 440
mining)

From this confusion matrix, we get:

i.  True Positives (TP): 420 (properly predicted illicit mining sites)

i.  False Negatives (FN): 80 (actual illegal mining sites but forecasted as legal mining)
iii.  False Positives (FP): 60 (predicted as illegal mining, but actually lawful)

iv.  True Negatives (TN): 440 (properly anticipated legal mining sites)

Calculating Metrics:
Precision measures the percentage of correct positive predictions (illegal mining) out of all
predicted positives.
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.. TP 420 420
Precision = = = — =0.875
TP + FP 420 + 60 480

So, Precision = 87.5% ~ 87%

Recall measures the percentage of actual positives (illegal mining) that were correctly predicted.

TP

Recall =
So, Recall = 84%

TP + FN _ 420 + 80 _ 500

The F1-Score is the harmonic mean of precision and recall.

Precision x Recall

F1—Score= 2x
So, F1-Score = 85.6% =~ 85%

Precision + Recall -

420 420
— 084
L, 0875x084 0735
* 0875 + 084 “*1715

AUC (Area Under Curve) is a metric that comes from plotting the ROC (Receiver Operating
Characteristic) curve, which shows the relationship between the true positive rate (TPR) and the

False positive rate (FPR).
True Positive Rate (TPR) = Recall =0.84
False Positive Rate (FPR):

FP

60 60

FPR: =

FP + TN 60 + 440 _ 500

=0.12

The AUC score typically comes from calculating the area under this ROC curve using an
algorithmic method. For this model, suppose after calculating the ROC curve, the AUC turns out
to be 0.92, indicating high separability between the classes.

Summary of the Results
i Precision: 87%
ii. Recall: 84%

iii.  F1-Score: 85%
iv. AUC:0.92

These metrics imply that the CNN model is effective in identifying illicit mining sites, with good
precision and recall, and a strong AUC suggesting high accuracy in distinguishing between

legitimate and illegal mining activities.
Tools and Libraries Used

i.  Confusion Matrix: sklearn.metrics.confusion_matrix()

ii.  Precision,
f1 score()
iii.  AUC: sklearn.metrics.roc_auc_score()

6.5 Real-World Data Application

We applied our CNN model to historical
satellite data from 2015-2023 in the following
high-risk mining regions:

Western Region (Tarkwa): The model
observed considerable soil degradation near
forest reserves and water bodies.

Ashanti  Region (Obuasi):  Predictions
suggested a high possibility of illegal mining

Recall, F1-Score: sklearn.metrics.precision_score(),

recall_score(), and

along the River Pra, validating local press
accounts.

Eastern Region (Atewa Range): Detected
locations were mainly consistent with prior
reports from environmental agencies.

7. CONCLUSION

This article indicates that Al technologies
offer a powerful and cost-effective method to
combatting illegal mining in Ghana. The
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integration of CNNs for detecting mining
activities from satellite imagery, along with
drone-based real-time monitoring, has the
potential to deliver speedy, accurate, and
scalable solutions to environmental risks
posed by galamsey. However, resolving
technological, logistical, and ethical hurdles
remains vital for the success of these projects.
With  sufficient investment in digital
infrastructure,  skill ~ development, and
regulatory frameworks, Al can be a game
changer in the battle against illegal mining.
There are still significant obstacles to be
addressed in this area of research in the future.
Future studies can complement this study with
field research on real time monitoring systems
for fighting illegal (“galamsay”) mining. In
addition, systematic literature review studies
can complement this research.

8. FUTURE RESEARCH DIRECTIONS
Real-Time Monitoring System

Due to financial constraints, we were unable to
fully implement the proposed real-time
monitoring system using drones and satellite
imagery for illegal mining detection.
However, this system remains a promising
avenue for future research. The system would
involve deploying drones in high-risk areas to
collect real-time images, which could be
processed using a trained CNN model to
assess the likelihood of illegal mining activity.
Additionally, leveraging continuous data
streams from satellite imagery, such as from
Sentinel-2, could provide broader and more
frequent monitoring. The implementation of
an Al-driven notification system would allow
for immediate alerts to be sent to authorities,
enabling timely responses to unlawful
activities. Future research should focus on

developing an affordable and scalable real-
time monitoring system, possibly through
partnerships with local authorities and private
entities to reduce costs.

Predictive Geospatial Analysis

While our research proposed the integration of
geospatial analysis to enhance the predictive
accuracy of the model, we could not incorporate
this due to financial limitations. This future
direction involves combining  multiple
geospatial data layers, including NDVI
(Normalized Difference Vegetation Index), land
cover, proximity to rivers, and elevation data, to
map areas with a high likelihood of illegal
mining activity. By conducting spatial clustering
and risk mapping, this approach can better
prioritize enforcement efforts in vulnerable
areas. Future research can explore the potential
of predictive geospatial models in illegal mining
detection, utilizing machine learning techniques
for more precise and actionable insights.

Implementing these systems in future research
could significantly improve the ability to
monitor, predict, and act upon illegal mining
activities in real time, leading to more effective
enforcement and environmental preservation
strategies in Ghana.

Recommendation
The effectiveness of Al-driven monitoring
systems depends significantly on stakeholder

input. Engaging with local communities,
government agencies, and environmental
organizations can improve the design,

deployment, and acceptance of Al monitoring
systems. For instance, participatory workshops
or focus group discussions can be conducted to
gather insights into community concerns and
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expectations, ensuring that the technology is
socially acceptable. As suggested by Young et
al. (2021), including stakeholder feedback in the
early stages of system development fosters trust
and cooperation, thereby improving system

adoption  and

effectiveness.  Moreover,

collaboration with local authorities can ensure
compliance with legal and ethical guidelines,

enhancing the

interventions.

legitimacy of Al-based
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