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Abstract— In the context of wildlife conservation, this review paper critically evaluates the development of the
YOLO (You Only Look Once) object detection framework with a focus on YOLO 8. Technology's role is crucial as
biodiversity preservation becomes more and more important, making YOLO model improvements very pertinent.
Our approach entails a thorough examination of YOLO's technical development from YOLO 6 to YOLO 8,
highlighting significant improvements. We look at real-world examples to show how effective YOLO is at tasks
like species identification, animal tracking, and poaching avoidance.

We highlight the positive aspects of YOLO while also addressing implementation issues and offering strategic
advice. In order to safeguard wildlife, we finish by summarizing upcoming trends and future research directions
in computer vision.

Index Terms— YOLOV8, Object Detection, Wildlife Monitoring

1. INTRODUCTION

The field of artificial intelligence relies significantly on object detection methods. This research paper
aims to provide a concise overview of the YOLO algorithm and its subsequent advanced iterations. In the
following sections, we will delve into the key features of YOLO-8 and its application in wildlife
conservation. Deep learning and powerful computer vision techniques have become effective tools for
tracking and preserving wildlife populations. The You Only Look Once (YOLO) series is one of the many
deep learning architectures created for object detection that has earned recognition for its real-time
capabilities and significant contributions to computer vision. In 2016, Joseph Redmon and Santosh Divvala
first introduced YOLO, which completely altered the field of computer vision and object recognition.
Real-time object detection reached a critical turning point with YOLO 5, which set a new standard for speed
and accuracy and was widely hailed as a game-changer. In essence, YOLO 5 presented a major change from
conventional multi-stage object detection pipelines to a single-stage approach, allowing the simultane ous
processing of the complete image for object localisation and classification. The YOLO 6 design added
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enhancements in terms of accuracy and speed while building on the advantages of its predecessor, YOLO 5.
It became an even more appealing solution for real-time applications because to its improved feature
extraction and more effective anchor handling algorithms. In the field of wildlife conservation, YOLO 6 has
shown extraordinary promise, making it possible for scientists to identify and monitor animals more
successfully and accurately. YOLO 7 brought sophisticated architectural improvements, pushing the limits of
real-time object identification as the YOLO series continued to develop. YOLO 7 displayed impressive
adaptability to a wide range of wildlife species and diverse environmental situations thanks to attention
processes and multi-scale feature fusion. Its adaptability helped conservation efforts, especially when dealing
with issues like occlusion and variable lighting conditions.Building upon the rich lineage of YOLO
architectures, YOLO 8 represents the latest advancement in real-time object detection. With state-of-the-art
design principles, improved accuracy, and enhanced scalability, YOLO 8 promises to redefine the landscape
of object detection, including its application in wildlife conservation.

Motivation: There has never been a time when the urgency of protecting animals has been greater than it is
now, as the world faces never-before-seen challenges to biodiversity and ecosystems. Global wildlife
populations have experienced a startling reduction as a result of human activities such as habitat degradation,
climate change, and poaching. In order to conserve and monitor fragile species and their habitats in the face
of this crisis, it is becoming more and more important to use cutting-edge technologies.

The potential of YOLO 8, the most recent installment of the YOLO series, to dramatically improve our
capacity to protect wildlife is what spurred this research. The legacy of YOLO 5, 6, and 7—predecessors t
have already proven to be effective in real-time object identification and tracking—is continued by YOLO 8.
We hope to contribute to the creation of a potent instrument that can fundamentally alter how we monitor and
safeguard endangered species by modifying and optimizing YOLO 8 for wildlife conservation purposes.We
want to offer a plan for utilizing this technology's full potential. In addition to showcasing YOLO's
accomplishments, our goal is to encourage scholars, environmentalists, and technologists to work together
and develop new ideas in order to create a future in which technology plays a crucial role in protecting the
natural heritage of our world. We are driven by the conviction that, with the appropriate resources and
information, we can reverse the trend and safeguard the planet's rich flora and wildlife for future generations.
Objective: This paper's main goal is to undertake a comprehensive analysis of the YOLO (You Only Look
Once) object detection system, with an emphasis on its most recent iteration, YOLO 8, in relation to animal
conservation. This target has several facets and includes the following important objectives:

1) Evaluation of Innovations: This review seeks to evaluate and highlight the noteworthy innovations
and enhancements that YOLO 8 has brought forth in comparison to YOLO 5, , and 7. It will give a
thorough examination of how these modifications improve the model's functionality and suitability
for use in scenarios involving wildlife protection.

2) Evaluation of Performance: This paper aims to assess and contrast YOLO 8's performance with that
of its forerunners. We seek to provide a thorough knowledge of the model's capabilities, including
its accuracy, speed, and flexibility, and how these metrics have changed across the different
iterations, through empirical study and comparative evaluations.

3) Future Roadmap: In conclusion, this paper aims to outline a future roadmap for leveraging YOLO
and computer vision technology for wildlife conservation. By identifying emerging trends and
research opportunities, we aspire to inspire further innovation in this critical field and promote
sustainable strategies for protecting our planet's biodiversity

Scope: This review paper's focus includes a thorough investigation of the YOLO (You Only Look Oce)
object detection system as well as its use to animal conservation. The study specifically explores how YOLO
has evolved from its previous iterations, YOLO 5, 6, and 7, to its most recent form, YOLO 8. Within this
context, the following crucial issues are covered:

1) Applications for animal Conservation: This study examines the ways in which YOLO-based solutions
have been used to tackle various difficulties in animal conservation. It carefully examines research studies
and programs that have applied YOLO 5, 6, and 7 to jobs like species identification, animal tracking, and the
detection of illicit acts like poaching.

2) Comparative Analysis: As part of this evaluation, we compare YOLO 8 to its predecessors in order to offer
insight on its potential, effectiveness, and adaptability in the context of animal conservation. This provides a
thorough analysis of how YOLO 8 works.

3) Practical Implementations: The review includes case studies and actual projects that have successfully
used YOLO-based models for wildlife monitoring and preservation in order to provide a practical viewpoint.
These case studies highlight the concrete contribution that YOLO makes to advancing conservation efforts



II. EARLY DEVELOPMENT

YOLO V6: One of the most important iterations of the YOLO series, YOLOvV6, focused heavily on
improving system performance and reducing memory footprint issues. The inclusion of a unique
Convolutional Neural Network (CNN) architecture known as the Spatial Pyramid Pooling Network
(SPP-Net) was one of the major innovations that highlighted this pursuit. When it comes to tackling the
difficulties presented by objects with different sizes and aspect ratios in the context of object detection tasks,
the implementation of SPP-Net is a strategic advance.

YOLO V7: The YOLOvV7 was released in 2022. ResNeXt, a new CNN architecture, is one of the main
enhancements in YOLOvV7. Additionally, YOLOV7 presents a novel multi-scale training approach that entails
training the model on a variety of image scales and then aggregating the predictions. This improves the
model's ability to handle items of various sizes and shapes. Last but not least, YOLOv7 includes a novel
method dubbed "Focal Loss" to solve the class imbalance issue that frequently occurs in object detection
jobs. The Focal Loss function lessens the impact of easy examples while increasing the weight of challenging
ones. SPP-Net architecture integration in YOLOV6 is essentially a strategic synergy between state-of-the-art
neural network design and the practical requirements of real-world applications. This architectural decision
not only raises the bar for object detection but also positions YOLOvV6 as a powerful tool for wildlife
protection, an area in which continuous efforts to maintain biodiversity depend heavily on accuracy,
efficiency, and adaptability. ResNeXt's incorporation into YOLOV7 represents a purposeful step toward
utilizing the architecture's inherent resilience and feature extraction capabilities. Renowned for its
cardinality-based architecture, ResNeXt presents a revolutionary parallelization strategy inside convolutional
layers, improving the expressiveness of the model. This design decision improves YOLOvV7's capacity to
record complex patterns and subtle features, which makes it more capable of managing the intricacies
involved in wildlife protection situations where a variety of species display a broad spectrum of visual traits.
In addition to the architectural enhancement, YOLOV7 presents a unique multi-scale training approach. By
training the model on photos at different scales, this technique enables it to effectively adapt and generalize to
objects of different sizes and forms. YOLOv7 excels at offering a comprehensive and precise detection
mechanism by combining predictions from many scales, which is in line with the dynamic character of
wildlife ecosystems.
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YOLOV7 is essentially evidence of the YOLO series' dedication to ongoing innovation. By incorporating
ResNeXt, using a multi-scale training approach, and applying Focal Loss, YOLOv7 not only raises the bar
for object detection but also establishes itself as a vital resource in the complex field of wildlife conservation,
where accuracy, resilience, and adaptability are critical.



YOLO V8: The most recent member of the YOLO family was verified in January 2023 when Ultralytics
(who had previously released YOLO-v5) released YOLO-v8 . While many features have not yet been added
to the YOLO-v8 repository and a paper release is imminent, preliminary comparisons between the newcomer
and its predecessors show that it is the new YOLO state-of-the-art. Above figure shows that all YOLO-v8
variants produce better throughput with a similar number of parameters when compared to YOLO-v5 and
YOLO-v6 trained on 640 image resolution, pointing toward hardware-efficient, architectural reforms. Given
that Ultralytics has presented both YOLO-v8 and YOLO-v5, with YOLO-v5 offering remarkable real-time
performance, and considering the preliminary benchmarking results that Ultralytics has made public, it is
highly likely that YOLO-v8 will concentrate on constrained edge device deployment at high-inference speed.
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WHY yolo8?
e The following are some of the key justifications for incorporating YOLOVS into your upcoming
computer vision project:
e The accuracy of YOLOVS is higher than that of earlier YOLO models.
e Many new features have been added to the most recent YOLOv8 implementation; we
particularly appreciate the user-friendly GitHub repository and CLI.
e [t facilitates image classification, instance segmentation, and object detection.



II1. Real Time Wildlife Detection

Data Collection: We collected a diverse dataset of images and videos containing various animals from
publicly available sources and annotated them with bounding boxes specifying the location of each animal.
The dataset includes images captured in different environmental conditions, such as varying lighting,
backgrounds, and weather conditions. Additionally, we compiled a set of videos containing animal footage to
evaluate the performance of our model on dynamic scenes.

Preprocessing: Prior to training, we performed standard image preprocessing techniques, including resizing,
normalization, and augmentation, to enhance the robustness of the model. For videos, we extracted individual
frames and applied the same preprocessing steps as those for images.

Model Selection: We chose YOLOVS as the base model for our animal detection task due to its efficiency in
real-time object detection and its ability to handle multiple object classes simultaneously. We initialized the
YOLOvVS8 model with weights pretrained on the COCO dataset to leverage the generalization capabilities
learned from a large-scale dataset.

Model Training: We split the annotated dataset into training, validation, and testing sets, with 70%, 15%,
and 15% of the data allocated to each set, respectively. During training, we fine-tuned the YOLOVS
architecture on our animal dataset using stochastic gradient descent (SGD) with momentum. We conducted a
grid search to optimize hyperparameters such as learning rate, batch size, and regularization strength to
achieve the best performance.

Evaluation Metrics: We evaluated the performance of the trained model using the mAP metric, which
measures the accuracy of object detection by considering both precision and recall across different
confidence thresholds. Additionally, we used IoU to assess the localization accuracy of the detected bounding
boxes by measuring the overlap between predicted and ground truth boxes.

Model Deployment: Upon training and evaluation, we deployed the trained YOLOvS8 model into a
web-based application using frameworks such as Flask and HTML/CSS. The model was integrated into the
website's backend, allowing users to upload images and videos for real-time animal detection. We designed a
user-friendly interface to visualize the detection results and provide feedback to users.

Performance Evaluation: We assessed the model's performance in terms of inference speed and accuracy
during real-time detection on both images and videos. Furthermore, we solicited feedback from users
regarding the usability and effectiveness of the web-based animal detection system. Ethical
Considerations: To uphold privacy standards, we ensured that the collected data and user-generated content
were anonymized and used solely for research purposes. We strived to mitigate potential biases in the dataset
and model predictions to prevent any discriminatory outcomes against specific animal species or
demographics.

Limitations: Data Bias: Despite efforts to curate a diverse dataset, our dataset may still exhibit biases
towards certain animal classes or environmental conditions. The performance of the YOLOv8 model may
vary across different animal species and environmental contexts, warranting further investigation and model
refinement.

Future Work: We plan to continuously update and improve the model by incorporating additional annotated
data and fine-tuning the architecture to enhance its detection capabilities. Additionally, we aim to explore
domain adaptation techniques to adapt the model to specific wildlife conservation scenarios or environmental
monitoring applications
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detection models, YOLOv8 models = detection accuracy
demonstrating its developed by and efficiency.
superiority. Ultralytics.

V. Conclusion

Throughout this review, we delved into the key features that distinguish YOLOv8 from its predecessors,
emphasizing its innovative architecture, improved performance metrics, and enhanced real-time processing
capabilities.Our exploration extended to the impact of YOLOv8 on various domains, showcasing its
adaptability and effectiveness in addressing the challenges of object detection across diverse environments.In
essence, YOLOVS stands as a testament to the continuous innovation within the field of computer vision. Its
evolution represents a journey of refinement and enhancement, addressing limitations observed in earlier
versions. As we move forward, the lessons learned from YOLOVS pave the way for future developments,
inspiring researchers and practitioners to explore novel approaches and push the boundaries of what is
achievable in real-time object detection.

REFERENCES

[1] Berg, P, Santana Maia, D., Pham, M. T., Lefévre, S., 2022. Weakly Supervised Detection of Marine
Animals in High Resolution Aerial Images. Remote Sensing, 14(2), 339

[2] Modasshir, M., Rekleitis, 1., 2020. Enhancing coral reef monitoring utilizing a deep semi-supervised learning
approach. In 2020 IEEE International Conference on Robotics and Automation. pp. 1874-1880.

[3] Sultana, F., Sufian, A., Dutta, P., 2020. A review of object detection models based on convolutional neural
network. Intelligent computing: image processing based applications.

[4] Kim, S., Park, S., Na, B., Yoon, S., 2020. Spiking-yolo: spiking neural network for energy-efficient object
detection. In Proceedings of the AAAI Conference on Artificial Intelligence . pp. 11270-1127

[5] Arunabha M. Roy,Jayabrata Bhaduri ,Teerath Kumar , Kislay Raj. WilDect-YOLO: An efficient and robust
computer vision-based accurate object localization model for automated endangered wildlife detection.

[6] Peiyuan Jiang, Daji Ergu, Fangyao Liu, Ying Cai, Bo Ma. 4 Review of Yolo Algorithm Developments

[7] Peiyuan Jiang, Daji Ergu, Fangyao Liu, Ying Cai, Bo Ma. A Review of Yolo Algorithm Developments

[8] Gang Wang, Yenfei Chen, Pei En, Hanyu Hong, Jinghu Hu. UAV-YOLOVS: A Small-Object-Detection Model Based
on Improved YOLOVS for UAV Aerial Photography Scenarios

[9] ADAM SJOBERG, JONATAN HYBERG. Investigation regarding the Performance of YOLOVS in Pedestrian
Detection.

[10] Kim, S., Park, S., Na, B., Yoon, S., 2020. Spiking-yolo: spiking neural network for energy-efficient object
detection. In Proceedings of the AAAI Conference on Artificial Intelligence . pp. 11270-11277

[11] Liu, H., Song, P., Ding, R., 2020. WQT and DG-YOLO: towards domain generalization in underwater object
detection. arXiv preprint arXiv:2004.06333

[12] Moniruzzaman, M., Islam, S. M. S., Bennamoun, M., Lavery, P., 2017. Deep learning on underwater marine
object detection: A survey. In International Conference on Advanced Concepts for Intelligent Vision Systems. pp.
150-160.

[13] Yan, B., Fan, P, Lei, X., Liu, Z., Yang, F., 2021. A real-time apple targets detection method for picking
robot based on improved YOLOV5. Remote Sensing


https://learnopencv.com/ultralytics-yolov8/
https://learnopencv.com/ultralytics-yolov8/
https://learnopencv.com/ultralytics-yolov8/
https://learnopencv.com/ultralytics-yolov8/

[14] Sovit Rath. YOLOv8 Ultralytics: State-of-the-Art YOLO Models
[15] Shreya Shivaji Gaikwad, Pranit Mohan Mhatre, Cyril Silvester Dabre, Nazneen Ansari. Poacher Detection using
YOLO Algorithm



