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ABSTRACT

Biodiversity conservation depends on accurate, timely, and comprehensive data on species
distributions, populations, and ecological interactions. Citizen science has emerged as a powerful
tool for biodiversity monitoring, mobilizing millions of volunteers to collect observations across
spatial and temporal scales that would be impossible for professional scientists alone. The
integration of machine learning into biodiversity citizen science has accelerated dramatically over
the past decade, with applications spanning species identification, population estimation, habitat
modeling, and early warning systems for invasive species. This review synthesizes the current state
of ML-enhanced biodiversity monitoring, examining successful projects that have leveraged
computer vision, acoustic analysis, and multimodal learning to advance conservation science. We
identify key success factors, including robust training data, transparent validation protocols, and
effective volunteer engagement strategies. We also analyze lessons learned from challenges such as
algorithmic bias, data quality concerns, and the limitations of automation for rare and cryptic
species. Our findings indicate that while ML has significantly enhanced the efficiency and scope of
biodiversity monitoring, its most effective applications are those that maintain human oversight for
quality assurance and complex identification tasks. We conclude by proposing best practices for
integrating ML into biodiversity citizen science and identifying priority areas for future research and
development.
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Introduction

The accelerating loss of global biodiversity represents one of the most pressing
environmental challenges of the twenty-first century. Habitat destruction, climate change,
pollution, overexploitation, and invasive species are driving population declines and
extinctions at rates unprecedented in human history. Effective conservation action depends
on accurate, comprehensive, and timely data on species distributions, population sizes,
ecological requirements, and threats. However, the scale of biodiversity—millions of
species, distributed across complex landscapes and dynamic ecosystems—far exceeds the
capacity of professional scientists to monitor systematically.

Citizen science has emerged as a transformative solution to this monitoring challenge. By
engaging volunteers in data collection, citizen science projects have generated massive
datasets of species observations across broad spatial and temporal scales. Platforms such as
eBird, iNaturalist, and eMammal have collected billions of observations, providing
invaluable data for conservation planning, ecological research, and policy development. The
value of these contributions extends beyond data volume; citizen scientists provide local
knowledge, extended temporal coverage, and geographic breadth that complement
professional monitoring efforts.

The integration of machine learning into biodiversity citizen science has further expanded
the potential of these approaches. ML algorithms, particularly deep learning models for

149 |Page



computer vision and acoustic analysis, can automate species identification, validate
observations, detect patterns, and predict distributions at scales that would be impossible
through manual analysis. This integration has transformed biodiversity monitoring from a
labor-intensive, expert-dependent activity to a scalable, data-driven enterprise.

This review examines the current state of ML-enhanced biodiversity monitoring through
citizen science. We analyze successful projects across different monitoring approaches—
image-based identification, acoustic monitoring, camera trapping, and aerial surveys—
identifying the technical approaches that have proven most effective and the contextual
factors that influence success. We also examine challenges and lessons learned, including
issues of data quality, algorithmic bias, rare species detection, and volunteer engagement.
Finally, we propose best practices for integrating ML into biodiversity monitoring and
identify priority areas for future research.

The remainder of this article is organized as follows. Section 2 provides an overview of
biodiversity monitoring challenges and the role of citizen science. Section 3 examines ML
applications for species identification, population estimation, and habitat modeling. Section
4 analyzes case studies of successful projects. Section 5 discusses lessons learned and
common challenges. Section 6 proposes best practices and future directions. Section 7
concludes with reflections on the future of ML-enhanced biodiversity monitoring.

Biodiversity Monitoring: Challenges and Opportunities
The Scale of the Challenge

Biodiversity monitoring encompasses a wide range of activities, from species
presence/absence surveys to population density estimation, community composition
analysis, and ecosystem health assessment. The choice of monitoring approach depends on
target taxa, spatial scale, available resources, and conservation objectives. Common methods
include:

e Visual surveys of species, either through direct observation or indirect evidence
(tracks, scat, signs)

o Camera trapping for terrestrial animals, particularly medium and large mammals

e Acoustic monitoring for vocalizing species, including birds, bats, amphibians, and
marine mammals

e Aerial surveys for population estimation, particularly for large mammals and
migratory birds

e Environmental DNA (eDNA) for detection of species presence in water, soil, or air
samples

e Remote sensing for habitat assessment and landscape-scale monitoring

Each method presents unique challenges in terms of cost, expertise requirements, spatial
coverage, temporal consistency, and data processing. The scale of monitoring needed to
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inform conservation action at regional, national, and global levels is immense, and traditional
expert-based approaches are insufficient to meet this need.

Citizen Science for Biodiversity

Citizen science has become a cornerstone of biodiversity monitoring, addressing the scale
challenge by mobilizing volunteer observers. Key contributions include:

e Spatial coverage: Volunteers can collect data across broad geographic areas,
including remote and inaccessible locations

e Temporal coverage: Continuous observation by volunteers provides data throughout
the year, capturing seasonal patterns and long-term trends

e Cost efficiency: Volunteer labor significantly reduces the cost of data collection
compared to professional surveys

o Public engagement: Citizen science connects the public with biodiversity, increasing
awareness, knowledge, and support for conservation

However, citizen science data present challenges of data quality, observer bias, and
inconsistent sampling effort. VVolunteers vary in their identification skills, motivation, and
commitment, leading to potential errors and biases that must be addressed through validation
and quality assurance.

The Machine Learning Opportunity
Machine learning offers three key capabilities for enhancing biodiversity citizen science:

1. Automated species identification: ML algorithms, particularly CNNs for images and
deep learning for acoustic data, can identify species from photographs or recordings
with accuracy that often rivals or exceeds human experts for well-represented
species.

2. Data validation and quality assurance: ML can flag anomalous observations based
on species ranges, habitat associations, and identification confidence, supporting
expert validation and volunteer training.

3. Pattern detection and prediction: ML can identify patterns in biodiversity data,
predict species distributions, detect population trends, and forecast the impacts of
environmental change, providing actionable information for conservation.

The convergence of these capabilities with the scale of citizen science data creates
unprecedented opportunities for biodiversity monitoring and conservation.

Machine Learning Applications in Biodiversity Monitoring

Image-Based Species Identification
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Computer vision, particularly convolutional neural networks, has been the primary ML
technique applied to biodiversity monitoring. Image-based identification approaches fall into
several categories:

Generalist Models. Large-scale models trained on broad taxonomic groups have been
developed for general species identification. iNaturalist's model, for example, has been
trained on millions of images and can identify thousands of species from photographs. The
model improves continuously as more images are added to the training dataset, with
identification accuracy now exceeding 90% for many common species.

Taxon-Specific Models. Specialized models trained on specific groups achieve higher
accuracy for their target taxa. Examples include models for bird identification, butterfly
identification, and plant identification. Taxon-specific models can incorporate domain-
specific features and are often calibrated for the specific identification challenges of the

group.

Metadata Integration. Combining images with structured metadata—Ilocation, date, habitat,
and observer expertise—can improve identification accuracy for species that are difficult to
distinguish from images alone. Multimodal approaches that integrate visual and contextual
information have demonstrated superior performance compared to image-only models.

Acoustic Monitoring

Acoustic monitoring has become a powerful tool for biodiversity assessment, particularly
for vocalizing species including birds, bats, amphibians, and marine mammals. Deep
learning approaches for acoustic analysis include:

Species ldentification. Convolutional neural networks and recurrent neural networks have
been applied to spectrograms (visual representations of sound) for species identification,
achieving high accuracy for many vocalizing species.

Call Detection and Counting. ML algorithms can detect and count calls in continuous
recordings, providing abundance estimates that are valuable for population monitoring.

Rare Species Detection. Acoustic monitoring can detect rare or cryptic species that are
difficult to observe visually, providing essential data for conservation.

3.3 Camera Trap Analysis

Camera traps generate vast image datasets that require efficient processing. ML applications
for camera trap data include:

Image Prescreening. Automated filtering of empty images and low-quality images, reducing
the volume of images requiring human review.

Species Classification. Identification of species in camera trap images, enabling automated
species inventories and population monitoring.

Individual Recognition. For species with identifiable markings, ML can recognize individual
animals, enabling population estimation and movement tracking.
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Population Estimation from Aerial Imagery
Aerial surveys for population estimation have been enhanced by ML-based image analysis:

e Object Detection: CNNs can detect and count animals in aerial images, achieving
accuracy that often exceeds human observers.

e Abundance Estimation: Automated counts can be combined with statistical
modeling to estimate population densities.

e Change Detection: Time-series analysis of aerial imagery can detect population
trends and responses to management actions.

Case Studies: Successful ML-Enhanced Biodiversity Monitoring
iNaturalist: Platform-Scale Species Identification

iNaturalist is the largest biodiversity citizen science platform, with millions of observations
and thousands of active contributors. The platform’s automated species identification feature,
powered by a CNN model trained on platform data, provides real-time identification
suggestions to volunteers. This feature has been transformative for volunteer learning and
data quality—volunteers can verify their identifications, learn to distinguish similar species,
and receive immediate feedback on their observations.

Key success factors for iNaturalist include:
e Massive training dataset of verified observations
e Continuous model improvement with new data
o Integration of identification suggestions into volunteer workflow
e Transparency in model confidence and limitations
eBird: Observer Expertise Classification

eBird, the largest citizen science platform for bird observations, has implemented
probabilistic modeling to classify observers based on their expertise and experience. This
classification supports differentiated data analysis and validation:

o Expert observers' contributions are weighted more heavily in analyses
o Novice observers receive additional guidance and training
e Unusual observations are flagged for expert review based on observer expertise

This approach balances data quality with volunteer engagement, recognizing that volunteers
contribute at different levels of expertise and experience.

MammalWeb: Camera Trap Integration

MammalWeb combines camera trapping with citizen science classification, engaging
volunteers in both data collection and analysis. VVolunteers set camera traps in their local
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areas and then classify images through the platform. A CNN model, trained on volunteer
classifications, subsequently automates classification for routine images, while volunteers
focus on uncertain cases and novel detections.

This hybrid model has been effective in engaging volunteers while scaling the analysis of
camera trap images, demonstrating the complementary roles of human and machine
intelligence.

BirdNet: Acoustic Monitoring

BirdNet is an automated bird identification system based on acoustic recordings. VVolunteer
birdwatchers can record bird songs and receive real-time identification from a deep learning
model. The system has been integrated into citizen science platforms, enabling volunteers to
contribute acoustic data while learning to identify species by sound.

African Wildlife Counts: Aerial Population Estimation

Studies of wildebeest and other large mammals in aerial imagery have demonstrated the
power of ML for conservation monitoring. CNN-based object detection has achieved faster
and more accurate counting than human observers, while citizen scientists provided essential
training data for the algorithms. This approach is being adopted for conservation monitoring
across multiple African ecosystems.

Lessons Learned and Challenges
Success Factors

Analysis of successful ML-enhanced biodiversity monitoring projects reveals several
common success factors:

High-Quality Training Data. The performance of ML models depends on the quality of
training data. Projects that invest in expert verification of training data achieve superior
model performance and more reliable validation.

Volunteer Engagement and Training. Volunteers who receive feedback and training are
more likely to remain engaged and produce high-quality data. ML systems that provide real-
time identification suggestions and feedback enhance volunteer learning and satisfaction.

Transparency. Projects that are transparent about model confidence, limitations, and data use
maintain volunteer trust and support sustained participation.

Hybrid Human-Machine Approaches. Projects that maintain human oversight for quality
assurance and challenging tasks achieve better outcomes than fully automated approaches.
Human confirmation of rare or uncertain observations is particularly important.

Challenges and Limitations

Algorithmic Bias. ML models trained on biased data produce biased predictions. Spatial and
temporal biases in training data can result in poor performance for underrepresented regions,
seasons, or species.
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Rare Species Performance. ML models perform poorly for species with limited training data.
Rare and threatened species, which are often the highest conservation priorities, are the least
amenable to ML identification.

Data Quality Concerns. Automated validation can propagate errors if training data are of
poor quality. Maintaining gold-standard validation data is essential for preventing error
propagation.

Volunteer Disengagement. Task automation can reduce volunteer motivation if volunteers
feel replaced by machines. Projects must manage automation carefully to maintain volunteer
engagement.

Best Practices and Future Directions
Best Practices for ML Integration
Based on lessons learned from successful projects, we propose the following best practices:

1. Invest in training data quality: Ensure training data are expert-verified and
representative of target populations.

2. Maintain human oversight: Keep experts involved in quality assurance and complex
identification.

3. Provide transparent feedback: Inform volunteers about model confidence and
limitations.

4. Engage volunteers in model improvement: Use volunteer contributions to
continuously improve models.

5. Balance automation and human contribution: Avoid full automation of tasks that
volunteers find rewarding.

Future Directions

Emerging technologies and approaches will further enhance ML-enhanced biodiversity
monitoring:

Few-Shot Learning. Approaches that learn from limited data could enable ML for rare
species and new environments, reducing the dependence on large training datasets.

Multimodal Integration. Combining images, acoustic data, environmental DNA, and
environmental data through ML could provide more comprehensive and accurate
biodiversity assessments.

Real-Time Monitoring. Automated monitoring systems could provide real-time alerts for
invasive species, disease outbreaks, or conservation emergencies, enabling rapid response.

Citizen Science-ML Feedback Loops. Continuous feedback between citizen science data
collection and ML analysis could create adaptive monitoring systems that improve both data
quality and scientific understanding.
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Conclusion

The integration of machine learning into biodiversity citizen science has transformed
monitoring capacity, enabling species identification, population estimation, and
conservation assessment at unprecedented scales. Successful projects demonstrate the power
of hybrid human-machine approaches, with ML automating routine tasks while volunteers
contribute local knowledge, expertise, and sustained engagement. While challenges
remain—algorithmic bias, rare species performance, and volunteer disengagement—careful
project design and transparent practices can mitigate these risks. As ML technologies
continue to advance, their integration with citizen science will become increasingly central
to biodiversity monitoring and conservation, offering hope for addressing the urgent
challenges of global biodiversity loss.
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