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ABSTRACT

Computer vision has emerged as a transformative technology in citizen science, enabling automated
analysis of images and videos at scales that would be impossible through human effort alone. This
review examines the role of computer vision in citizen science, from camera trap projects that
automatically capture wildlife images to mobile applications that provide real-time species
identification. We analyze the technical approaches that have proven most effective, with particular
focus on convolutional neural networks and transfer learning techniques that enable models to be
trained on citizen science data. We examine applications across biodiversity monitoring, astronomy,
medical imaging, and other domains, identifying success factors and limitations. We also address
challenges including data quality, training data bias, model performance for rare species, and
integration with volunteer workflows. We propose best practices for implementing computer vision
in citizen science, including strategies for data collection, model training, validation, and volunteer
engagement. We conclude by identifying emerging trends and future directions, including few-shot
learning, multimodal approaches, and real-time analysis.
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Introduction

Visual data in the form of images and videos represents perhaps the most abundant and
accessible type of scientific data collected through citizen science. Volunteers contribute
millions of photographs of wildlife, astronomical objects, biological specimens, and
environmental conditions through platforms such as iNaturalist, Galaxy Zoo, and eBird.
These visual data are invaluable for scientific research, providing evidence of species
distributions, ecosystem changes, and astronomical phenomena that would otherwise remain
undocumented. The accessibility of modern smartphone cameras has democratized image
capture, enabling virtually anyone with a mobile device to contribute visual data to scientific
projects.

However, the volume of visual data generated by citizen science far exceeds human capacity
for analysis. Manual classification of images is time-consuming, costly, and subject to
observer fatigue and inconsistency. A single camera trap project may generate millions of
images per year, far more than any team of experts could classify manually. Similarly,
astronomical surveys generate vast image datasets that would take centuries to analyze
through human effort alone. This data deluge has created a critical bottleneck in the scientific
process, where the collection of data has outpaced the capacity for analysis.

This is where computer vision enters the picture. Computer vision, a field of artificial
intelligence that enables computers to interpret and understand visual content, offers the
capability to analyze images and videos at scale, automating tasks that were previously
performed manually. Convolutional neural networks, a type of deep learning algorithm, have
achieved remarkable success in image classification, object detection, and segmentation
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tasks, often matching or exceeding human performance. When applied to citizen science
data, computer vision can automate species identification, detect objects in astronomical
images, and classify medical images, enabling analysis at scales that would be impossible
through human effort alone.

The partnership between computer vision and citizen science is mutually beneficial. Citizen
science provides the labeled training data that computer vision algorithms require to learn
and improve; computer vision provides the analytical capacity to process the vast datasets
that citizen science generates. This symbiotic relationship has transformed both fields,
enabling discoveries that would be impossible through either approach alone. Citizen science
projects that once generated data that could not be fully analyzed now have the capacity to
extract insights from every image contributed by volunteers.

This review examines the role of computer vision in citizen science, analyzing the technical
approaches, applications, success factors, and challenges that characterize this integration.
We focus on the most common application—species identification from images—»but also
address other applications including object detection, classification, and segmentation across
diverse scientific domains. We analyze case studies from biodiversity monitoring,
astronomy, and medical imaging, identifying lessons that can inform future projects. We
propose best practices for implementing computer vision in citizen science and identify
emerging trends and future directions that will shape the next generation of Al-enhanced
citizen science.

The remainder of this article is organized as follows. Section 2 provides a technical overview
of computer vision, focusing on approaches relevant to citizen science. Section 3 examines
applications in biodiversity monitoring, including species identification, camera trap
analysis, and aerial surveys. Section 4 addresses applications in astronomy and other
domains. Section 5 analyzes success factors and limitations. Section 6 addresses challenges
including data quality and bias. Section 7 proposes best practices for implementation.
Section 8 identifies emerging trends and future directions. Section 9 concludes with
reflections on the future of computer vision in citizen science.

Computer Vision: Technical Overview

Computer vision is a field of artificial intelligence that develops techniques for computers to
understand and interpret visual content from images and videos. The field has advanced
dramatically over the past decade, driven by improvements in deep learning, increases in
computational power, and the availability of large labeled datasets. Key tasks in computer
vision include image classification, where the goal is to assign a label to an entire image;
object detection, where the goal is to identify and localize objects within an image; and object
segmentation, where the goal is to partition an image into regions corresponding to different
objects. Each of these tasks has applications in citizen science, with image classification
being the most common.

Convolutional neural networks, or CNNs, are the dominant approach in modern computer
vision and have been instrumental in the integration of computer vision with citizen science.
The architecture of a CNN consists of several types of layers that work together to process
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visual information. Convolutional layers apply filters to the input image, detecting features
such as edges, textures, and shapes at various scales. These filters are learned during training,
allowing the network to discover the features that are most relevant for the task at hand.
Pooling layers reduce the spatial dimensions of the feature maps, making the network more
computationally efficient and providing some invariance to translation and small
deformations. Fully connected layers at the end of the network combine the features detected
by the convolutional layers to produce a classification decision.

The training of CNNs requires large amounts of labeled data. The network is presented with
images and their correct labels, and the weights of the network are adjusted to minimize the
difference between the network's predictions and the true labels. This process, known as
supervised learning, typically requires thousands to millions of labeled images to achieve
good performance. The availability of large labeled datasets from citizen science projects
has been instrumental in the success of CNNs for scientific applications.

Transfer learning has been particularly valuable for citizen science applications. Transfer
learning involves taking a CNN that has been pre-trained on a large general-purpose dataset,
such as ImageNet with its 14 million labeled images, and fine-tuning it on a smaller domain-
specific dataset. This approach dramatically reduces the amount of labeled data required for
good performance, as the network has already learned general visual features that are useful
for many tasks. In citizen science, transfer learning enables the development of accurate
species identification models with relatively modest amounts of labeled data, making it
feasible for projects with limited resources.

The choice of CNN architecture has implications for performance and computational
requirements. Deeper networks with more layers can learn more complex features but require
more data and computation for training. Architectures such as ResNet, Inception, and
EfficientNet have been widely used in citizen science applications, with the choice
depending on the specific requirements of the project. For mobile applications, lightweight
architectures such as MobileNet are often preferred, as they can run efficiently on
smartphones.

The performance of computer vision models for citizen science applications has improved
dramatically. For well-represented species, modern CNNs can achieve classification
accuracy exceeding ninety percent, often matching or exceeding the performance of human
experts. However, performance varies significantly across species, with rare species and
visually similar species being more challenging. The performance also depends on the
quality and diversity of the training data, with models trained on biased data performing
poorly for underrepresented groups.

Computer Vision in Biodiversity Monitoring

Biodiversity monitoring has been the primary domain for computer vision applications in
citizen science. The scale of biodiversity data—millions of images of thousands of species—
creates both the need for automated analysis and the opportunity to train robust models.
Several distinct applications have emerged, each with its own technical approaches and
challenges.
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Species identification from photographs is the most common computer vision application in
biodiversity citizen science. Platforms such as iNaturalist, PlantNet, and Leafsnap have
implemented CNN-based identification systems that can identify species from user-
submitted photographs. These systems are trained on the vast datasets of labeled images that
citizen scientists have contributed, creating a positive feedback loop where more data
improve the models and better models attract more users. The iNaturalist model, for
example, has been trained on millions of images and can identify thousands of species, with
accuracy improving with each new release.

The iNaturalist approach is instructive for understanding the potential of computer vision in
citizen science. The platform integrates automated identification suggestions into the
volunteer workflow, providing real-time feedback that supports learning and improves data
guality. Volunteers can verify the model's suggestions, correct errors, and contribute new
observations that further improve the model. This integration of automation and human input
has been highly successful, with iNaturalist becoming the largest biodiversity citizen science
platform and a valuable source of data for ecological research.

Camera trap projects represent another significant application of computer vision in
biodiversity monitoring. Camera traps are automated cameras that are triggered by motion,
capturing images of wildlife without human presence. These cameras generate vast image
datasets that far exceed human capacity for manual classification. Projects such as
MammalWeb, eMammal, and WildBook have combined camera trapping with citizen
science classification, engaging volunteers in labeling images that are then used to train CNN
algorithms.

The camera trap workflow typically involves several stages. Volunteers may be involved in
camera placement, image collection, and classification. The images are uploaded to a
platform where volunteers classify them, identifying species and sometimes individual
animals. These classifications are used to train CNN algorithms that can automate
classification for routine images. The algorithms are not perfect, however, and volunteers
continue to verify classifications and handle challenging cases. This hybrid human-machine
approach achieves both scale and accuracy, with the machine processing the bulk of the
images and humans providing quality assurance and handling exceptions.

Marine life identification has been a more recent application of computer vision in citizen
science. Marine environments present unique challenges for computer vision, including
variable lighting, water turbidity, and the three-dimensional nature of the underwater
environment. Despite these challenges, researchers have made significant progress in
combining citizen science and computer vision for marine life monitoring. Citizen scientists
annotate marine life images, identifying species and marking their locations within the
images. These annotations are used to train CNN algorithms that can detect and classify
marine species automatically. The combination of human and machine intelligence has
proven promising for marine life monitoring, providing data that supports conservation and
management.
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Aerial wildlife counts represent an emerging application of computer vision in conservation.
Estimating wildlife abundance from aerial images is critical for conservation management
but is extremely time-consuming when done manually. Computer vision algorithms can
detect and count animals in aerial images with accuracy that often exceeds human
performance. Citizen scientists contribute by labeling training data and validating algorithm
predictions, providing the essential human input that ensures algorithm reliability. The
combination of citizen science and computer vision for aerial wildlife counts has been
applied to wildebeest, elephants, and other species, demonstrating the potential for scalable
conservation monitoring.

Computer Vision in Astronomy and Other Domains

Beyond biodiversity, computer vision has been applied to citizen science in astronomy,
where the visual nature of astronomical data makes it well-suited for image analysis. Galaxy
classification was one of the earliest applications of citizen science, with volunteers
classifying galaxy images in the Galaxy Zoo project. These volunteer classifications have
been used to train CNN algorithms that can now classify galaxies automatically. The Galaxy
Zoo algorithm has been applied to large astronomical surveys, enabling the classification of
millions of galaxies that would be impossible to process through human effort alone.

The Milky Way Project, another astronomy citizen science initiative, engaged volunteers in
identifying bubbles in images from the Spitzer Space Telescope. These bubbles are regions
of ionized gas surrounding young stars and are important for understanding star formation.
Volunteers identified and marked bubbles in telescope images, generating a dataset that was
used to train a random forest algorithm for automated detection. The integration of citizen
science and computer vision enabled the analysis of a large survey of the galactic plane,
providing insights into star formation that would be impossible through either approach
alone.

Other astronomy projects have applied computer vision to additional tasks. Planet detection
in light curve data, identification of gravitational lenses, and classification of variable stars
have all benefited from the combination of citizen science and computer vision. The common
pattern is the same: volunteers provide labeled training data, algorithms learn to automate
the task, and the combination enables analysis at scales that would be impossible otherwise.

In medical imaging, computer vision has been applied to citizen science for quality
assessment and pathology detection. The Braindr project, as discussed in previous articles,
engaged citizen scientists in assessing the quality of MRI images, with volunteer assessments
used to train a deep learning algorithm. While the analysis of medical images by volunteers
raises questions of expertise and quality, the combination of citizen science and computer
vision has shown promise for addressing data bottlenecks in medical research.

In materials science, citizen scientists have contributed to the classification of images of
materials, with computer vision algorithms trained to automate analysis. In archaeology,
volunteers have contributed to the identification of features in satellite imagery, with
algorithms trained to detect archaeological sites. In all of these domains, the pattern is
consistent: citizen science provides the labeled training data, computer vision provides the
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automated analysis, and the combination enables discoveries that would be impossible
through either approach alone.

Success Factors and Limitations

Several factors contribute to the success of computer vision in citizen science. Large, high-
guality labeled datasets are essential for training accurate models. Citizen science projects
that invest in data quality, with expert validation and clear labeling protocols, achieve better
model performance. Transfer learning is an important enabler, allowing models to be trained
with modest amounts of labeled data. Effective integration of automation and human input,
with volunteers providing training data and quality assurance, is essential. The engagement
of volunteers in the process, with feedback and recognition, sustains participation.
Appropriate validation is essential, with expert oversight ensuring model reliability.

Despite these successes, computer vision in citizen science faces significant limitations.
Performance is often poor for rare species, which are not well represented in training data.
In biodiversity monitoring, this is particularly problematic, as rare and endangered species
are often the highest conservation priorities. Models trained on biased data produce biased
predictions, with underrepresented species and regions being poorly served. The
interpretability of models is limited, making it difficult to understand why a model made a
particular prediction. This interpretability gap can undermine trust and limit the scientific
utility of model predictions. Integration with volunteer workflows can be challenging,
requiring careful design to ensure that automation supports rather than disrupts volunteer
engagement.

The scalability of computer vision is both a strength and a limitation. While models can
process vast amounts of data, their performance is limited by the quality of the training data.
Projects with limited training data for certain species or regions will have limited model
performance. Active learning approaches, where the model identifies the most informative
images for labeling, can address this limitation by focusing labeling effort where it is most
needed.

Challenges: Data Quality, Bias, and Rare Species

The quality of training data is paramount for computer vision models. If training data contain
errors, the model will learn to reproduce those errors. If training data are biased, the model
will produce biased predictions. Ensuring training data quality requires expert validation,
consensus approaches, and ongoing quality assurance. The investment in training data
quality is essential for the success of computer vision in citizen science.

Bias in training data is a significant challenge. Spatial bias, where observations are
concentrated in accessible regions, leads to models that perform poorly in underrepresented
regions. Temporal bias, where observations are concentrated in certain seasons, leads to
models that perform poorly at other times. Taxonomic bias, where observations are
concentrated on charismatic species, leads to models that perform poorly for less popular
species. Observer bias, where observations from more experienced volunteers are
overrepresented, leads to models that may not generalize to novice contributions.
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Addressing bias requires attention at multiple levels. At the project level, efforts to recruit
diverse volunteers and collect data across regions and seasons can reduce spatial and
temporal bias. At the model level, techniques such as data augmentation and weighted
sampling can reduce the impact of bias. At the evaluation level, performance should be
disaggregated to identify where bias exists and where improvement is needed.

Rare species present a particular challenge for computer vision. By definition, rare species
have few observations, making it difficult to train models for their identification. Few-shot
learning, where models learn from limited data, offers promise for rare species identification.
Active learning, where the model identifies the most informative images for labeling, can
focus labeling effort on rare species. Transfer learning, where models are pre-trained on
larger datasets and fine-tuned on rare species data, can improve performance. Despite these
approaches, rare species identification remains a significant challenge for computer vision
in citizen science.

Best Practices for Implementation

Based on the analysis above, we propose several best practices for implementing computer
vision in citizen science. First, invest in training data quality through expert validation, clear
labeling protocols, and ongoing quality assurance. The quality of the training data is the most
important factor in model performance. Second, implement appropriate validation through
expert oversight and consensus approaches. Validation ensures that model predictions are
reliable and that errors are caught.

Third, integrate models with volunteer workflows in a way that supports rather than disrupts
engagement. Real-time identification suggestions can support volunteer learning and
improve data quality, but they should not replace volunteer judgment. Fourth, address bias
through diverse data collection, appropriate model techniques, and disaggregated evaluation.
Bias in models is not inevitable and can be addressed with attention.

Fifth, communicate transparently about model limitations and uncertainties. Volunteers
should understand what the model can and cannot do, and they should be informed when
predictions are uncertain. Sixth, maintain human oversight, particularly for challenging cases
and rare species. Automation should supplement human expertise, not replace it.

Emerging Trends and Future Directions

Several emerging trends will shape the future of computer vision in citizen science. Few-
shot learning, which enables models to learn from very limited data, has significant potential
for rare species identification. As few-shot learning techniques improve, they may enable
the development of models for species that currently cannot be identified reliably by
computer vision.

Multimodal approaches that integrate images with metadata, as discussed in a previous
article, are another emerging trend. Species identification is often improved by considering
location, date, and other contextual information. Multimodal models that integrate these
diverse data types can achieve better performance than image-only models.
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Real-time analysis, where models process images as they are captured, is becoming more
feasible with advances in mobile computing. Real-time species identification on
smartphones can provide immediate feedback to volunteers, supporting learning and
improving data quality. As mobile devices become more powerful, real-time analysis will
become increasingly common.

Self-supervised learning, where models learn from unlabeled data, is an emerging approach
that may reduce the need for labeled training data. If self-supervised learning can be applied
to citizen science data, it could dramatically reduce the resources required for model
development.

Conclusion

Computer vision has transformed citizen science, enabling automated analysis of visual data
at scales that would be impossible through human effort alone. The partnership between
citizen science and computer vision is mutually beneficial, with citizen science providing
the labeled training data that computer vision algorithms require and computer vision
providing the analytical capacity to process the vast datasets that citizen science generates.
Applications across biodiversity monitoring, astronomy, medical imaging, and other
domains have demonstrated the power of this partnership, enabling discoveries that would
be impossible through either approach alone. However, challenges remain, including data
guality, bias, rare species identification, and integration with volunteer workflows. Best
practices for implementation include investing in training data quality, implementing
appropriate validation, integrating models with volunteer workflows, addressing bias,
communicating transparently about model limitations, and maintaining human oversight. As
emerging trends including few-shot learning, multimodal approaches, real-time analysis, and
self-supervised learning continue to advance, the role of computer vision in citizen science
will only grow. The future of citizen science will be shaped by the effective integration of
human and machine intelligence, ensuring that both volunteers and algorithms contribute
their full potential to scientific discovery.
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