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Abstract

Artificial Intelligence (Al) has emerged as a transformative tool in the fields of animal surveillance and
conservation. The rapid advancement of artificial intelligence (Al) has revolutionized wildlife monitoring and
conservation strategies. By integrating Al with sensor technologies such as camera traps, drones, acoustic
monitors, and satellite imagery, conservationists have gained unprecedented capacity to monitor biodiversity,
detect threats, and manage ecosystems. Also with the rapid advancement of computer vision, machine
learning, and deep learning, Al enables efficient species identification, population monitoring, and habitat
protection. This paper provides a comprehensive examination of Al in animal surveillance and conservation,
with emphasis on its applications, recent research advances, challenges, and ethical considerations,
limitations and future potential of Al-driven approaches, highlighting case studies and technological
innovations that have reshaped wildlife research and management. Through an extensive literature review
and synthesis of research works, the study demonstrates how Al significantly reduces manual workload,
enhances species identification accuracy, improves anti-poaching measures, and enables real-time
monitoring. The conclusion highlights the need for sustainable, ethical, and inclusive Al adoption in
conservation practices, ensuring that technological benefits are accessible to both developed and resource-
limited regions.
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Introduction:

Wildlife conservation is a global priority in the
context of accelerating biodiversity loss, climate
change, and anthropogenic pressures. Effective
conservation depends on accurate and timely
monitoring of species populations, habitat use, and
threats such as poaching or deforestation.
Traditional monitoring approaches including field
surveys, manual analysis of camera-trap images,
and acoustic monitoring though reliable, are labor-
intensive, slow, and geographically restricted.
Artificial intelligence, driven by machine learning
and deep learning algorithms, has emerged as a
powerful solution. It allows for automated detection
of animals, species classification, behavior analysis,
and real-time threat identification. Al-powered
surveillance is now applied across terrestrial,
aquatic, and aerial ecosystems. The integration of
Al in conservation science represents a paradigm
shift transforming conservation biology into a data-
rich discipline capable of large-scale and rapid
ecological assessments.

This paper presents a detailed account of Al

applications in  animal  surveillance  and
conservation, reviews key studies, discusses
research innovations, and evaluates future

challenges and opportunities.

Literature Review:

Al in Camera Trap Monitoring:

Camera traps are widely used in ecology, but
analyzing millions of images is resource-intensive.
Studies by Norouzzadeh et al. (2018) and
Microsoft’s MegaDetector project have shown that
convolutional neural networks (CNNs) can
automatically detect animals, classify species, and
filter out empty images. Wildlife Insights, a global
platform, integrates Al models to process images at
scale and provide standardized datasets to
conservationists.

Al in Bioacoustic Monitoring

Acoustic monitoring enables  continuous
surveillance of species that vocalize frequently.
Tools such as BirdNET employ deep learning to
identify bird species from spectrograms. Marine
applications include Al-driven detectors that
recognize whale calls, which are crucial for
preventing ship strikes and entanglements. Studies
highlight that Al-driven acoustic monitoring can
cover vast areas at low cost.

Al in Drone and Satellite Surveillance
Al-powered drones equipped with thermal and
RGB cameras survey habitats to detect elusive
species such as orangutans, seals, and elephants.
Machine learning algorithms process drone footage
to count individuals, detect nests, and identify
illegal logging activities. Satellite-based
monitoring, coupled with deep learning, identifies
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penguin colonies and large mammals over

extensive landscapes.

Al in Anti-Poaching Efforts

The Protection Assistant for Wildlife Security
(PAWS) system integrates predictive modeling and
game theory to guide ranger patrols toward
poaching hotspots. Field studies report significant
improvements in detecting illegal activities and
removing snares. Al-enabled surveillance systems
detect human intrusions in protected areas through
drones and smart sensors. Machine learning models
monitor online wildlife trade platforms to track
illegal activities. Al has thus become an essential
tool for proactive and adaptive management against
wildlife crime.

Al in Population Monitoring:

Al analyzes large datasets from camera traps,
drones and satellite imagery to estimate population
sizes, migration patterns and species distribution. It
facilitates real-time tracking of endangered species.
Al in Habitat and Ecosystem Monitoring:
Satellite imagery with Al helps detect
deforestation, water scarcity, and land-use changes.
Predictive models assess the impact of climate
change on animal habitats.

Al in Animal Health and Welfare:

Al Systems in Zoos and sanctuaries monitor animal
health via behavior recognition, movement tracking
and anomaly detection. Veterinary Al applications
diagnose diseases in livestock and wildlife.

Methodology of Al in Conservation:

Data Acquisition

e Camera traps: PIR-based triggers capturing
millions of images.

e Acoustic sensors: AudioMoth and hydrophones
recording at 8-96 kHz.

e Drones: Equipped with RGB, multispectral,
and thermal payloads.

o Satellites: High-resolution optical and SAR
imagery.

Data Preprocessing

e Image preprocessing: noise reduction, resizing,
augmentation.

e Audio preprocessing: spectrogram conversion,
noise filtering.

e Spatial data: geotagging, temporal alignment.

Model Architectures

e Vision: YOLOVS, Faster R-CNN, EfficientNet
for species classification.

e Acousticss CNNs  (ResNet-based) on
spectrograms, recurrent models for temporal
calls.

e Remote sensing:  U-Net for
segmentation, CNNs for object detection.

habitat

e Decision systems: Reinforcement learning and
game theory for patrol optimization.

Evaluation Metrics

e Precision, recall, Fl-score for classification
tasks.

e Mean Average Precision (MAP@].5:.95]) for
detection.

e ROC-AUC for binary classification (animal vs.
non-animal).

e Confusion matrices for
misclassification analysis.

species

Research Work and Case Studies

Camera Trap Studies

e  MegaDetector reduced manual review time by
80-90% in Serengeti projects.

e Chalmers et al. (2023) demonstrated active
learning methods that reduced annotation
requirements by 99%.

Bioacoustic Monitoring

e BirdNET achieved 88%
diverse habitats.

e NOAA'’s right whale acoustic system provided
real-time alerts, reducing ship strikes by 30% in
trial regions.

Drone and Satellite Applications

e Orangutan nest surveys with Al-driven drones
yielded 92% precision.

e Antarctic penguin colony detection using
Sentinel-2 satellite imagery coupled with CNNs
achieved detection accuracy >85%.

Anti-Poaching Patrols

e PAWS-guided patrols increased snare detection
rates by up to 50%.

e Predictive models helped allocate ranger
resources more efficiently in low-budget
protected areas.

Integrated Approaches

e Emerging systems fuse acoustic, visual, and
spatial data into unified dashboards, enabling
conservationists to detect species and threats
simultaneously.

accuracy across

Advantages of Al in Conservation:

e Automation: Reduces human effort in data
collection and analysis.

e Scalability: Processes large datasets from
diverse sources efficiently.

e Accuracy: Enhances precision in species
identification and behavioral studies.

¢ Real-time Monitoring: Provides immediate
alerts  for  Poaching or  habitat
encroachment.

e Cost-effectiveness: Long-term reduction in
monitoring and labor costs.

National Conference on Intelligent Future: Multidisciplinary Approaches to Artificial Intelligence

[IFMAAI-2025] 30 August, 2025

Page | 1016



Vidyabharati International Interdisciplinary Research Journal

ISSN 2319-4979

Ethical and Practical Challenges:
Despite  progress, the literature
challenges such as:
e Dataset bias, where Al trained on one
ecosystem underperforms in another.
e Risk of surveillance spillover affecting
local communities’ privacy.
o High costs and technological barriers in
developing countries.
e Limited interpretability of Al models for
non-technical conservation staff.

emphasizes

Conclusion:

Artificial intelligence has emerged as a
transformative force in animal surveillance and
conservation. Its applications from camera trap
analysis to bioacoustic monitoring, drone surveys,
satellite imaging, and anti-poaching strategies
demonstrate that Al significantly enhances the
accuracy, efficiency, and scale of wildlife
monitoring. However, technological and ethical
challenges must be addressed to ensure responsible
adoption. Future directions include creating open-
access global biodiversity datasets, developing
explainable Al for ranger usability, and building
cost-effective systems suitable for low-resource
contexts. If implemented responsibly, Al has the
potential to strengthen global conservation efforts
and contribute to reversing biodiversity loss.
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