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ABSTRACT

Background: Wild animal tracking is crucial for conservation, especially for threatened species like tigers. The Amur tiger is
critically endangered, with fewer than 600 left in the wild. The integration of machine learning and drone technology has revolutionized
tiger tracking. Drones, or UAVs, play a vital role in wildlife conservation, while machine learning algorithms analyze complex data,
make predictions and automate decision-making. This combination enables efficient processing of drone-generated data, including
images, sounds and sensor readings.

Methods: This study utilized a dataset comprising 4,413 images sourced from Kaggle, originally derived from the ATRW (Annotated
Tigers in the Wild) dataset. To ensure compatibility with the YOLOvV8 model, the images were reformatted from PASCAL VOC
annotation format to YOLO Darknet format. A series of preprocessing techniques were implemented, including image resizing, data
augmentation (such as rotation, horizontal flipping and brightness adjustment) and pixel value normalization to enhance model
generalization. The dataset was systematically partitioned into training, validation and test subsets to facilitate robust model
evaluation and performance assessment.

Result: The YOLOv8 model exhibited high efficacy in detecting tigers across diverse environmental conditions. It achieved a final
Mean Average Precision (mAP) of 0.944, indicating robust detection accuracy. The model demonstrated strong generalization
capabilities, effectively identifying tigers under varying illumination, occlusion and background complexities. These findings highlight
the potential of YOLOV8 as a reliable tool for automated wildlife monitoring and conservation efforts.
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INTRODUCTION

Wildlife conservation is a complex, multidisciplinary
challenge involving ecological, social and technological
factors. Research integrating ecology with computer vision
highlights the critical role of accurate wildlife recognition
in maintaining ecosystem balance and stability. However,
several technological challenges must be addressed to
achieve reliable monitoring and effective conservation
outcomes (Bhattacharya et al., 2022). Ecological research
often requires extensive data collection in remote regions,
where inadequate infrastructure significantly hinders
efficiency and data quality. Overcoming these limitations
is essential for strengthening conservation strategies
and ensuring sustainable ecosystem management
(Pendharkar et al., 2024).

Traditional wildlife recognition techniques, such as
tagging and capturing animals, are invasive and can disrupt
natural behaviors, induce stress and alter habitats. In contrast,
non-invasive approaches offer safer and more ethical
alternatives. Technologies such as camera traps, drones
and footprint tracking enable researchers to collect valuable
data without disturbing wildlife, thereby enhancing
conservation efforts while prioritizing animal welfare
(Ravoor et al., 2021). The responsible integration of such
technologies promotes improved coexistence between
humans and wildlife, which is vital for preserving biodiversity
and protecting natural resources (AlZubi and Alkhanifer,
2024; Min and Kim, 2024).
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A modified YOLO model, Recurrent You Only Look Once
(ROLO), was implemented for wildlife surveillance and
demonstrated promising performance in identifying diverse
wild animals and birds. Comparative analysis with other
deep learning models revealed higher precision rates,
underlining its effectiveness for automated wildlife
monitoring (Haldorai et al., 2024; Altobel and Sah, 2021;
Cho, 2024; Kim and AlZubi, 2024). Bakana et al. (2024)
introduced WildARe-YOLO, a lightweight variant of YOLOV5s
designed for wild animal recognition, incorporating Mobile
Bottleneck Blocks and an enhanced StemBlock to reduce
computational complexity. The model utilized Focal-EloU
for improved bounding box accuracy and a BiFPN-based
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neck, achieving a 17.65% increase in FPS, a 28.55%
reduction in parameters and a 50.92% reduction in
FLOPs, thereby enabling efficient real-time recognition
on low-end hardware.

Mamidi et al. (2024) proposed an loT-based animal
detection system aimed at improving campus safety,
integrating a surveillance robot equipped with ultrasonic
sensors and ESP32 cameras and employing the R-CNN
machine learning technique for detection and classification.
The system achieved an accuracy of approximately 97.6%
in animal detection and provided real-time alerts to security
personnel through push notifications.

Ferrante et al. (2024) assessed multiple YOLO
architectures for detecting road-killed endangered Brazilian
animals, including YOLOv4, Scaled-YOLOv4, YOLOV5,
YOLO-R, YOLO-X and YOLOV7, using the BRA-Dataset for
training. Their findings indicated that Scaled-YOLOv4
minimized false negatives most effectively, while the nano
version of YOLOV5 achieved the highest FPS detection
scores. Bhagabati et al. (2024) developed an Al-based
system to mitigate human-animal conflicts around
Kaziranga National Park, integrating YOLOV5 with a SENet
attention layer for real-time detection from live video feeds.
The model achieved 96% accuracy in day-and-night
conditions and improved reliability by 1-13% compared to
previous approaches, enabling timely warnings and
enhancing safety for both humans and wildlife.

(Guarnido-Lopez et al., 2024; Ma et al., 2024; Estevez
et al., 2023) explored the application of the YOLO algorithm
for monitoring feeding behaviors in cattle by analyzing video
data of six Charolais bulls and classifying behaviors such
as biting, chewing and visiting using Roboflow.
Performance comparison between YOLOvV8 and YOLOv10
revealed similar overall accuracy levels of approximately
90%; however, YOLOv10 demonstrated superior precision,
recall, mMAP50 and mAP50-95 metrics. Chappidi and
Sundaram (2024) introduced a cascaded YOLOvV8-based
detection framework incorporating adaptive histogram
equalization, super-pixel-based Fast Fuzzy C-Means (FCM)
segmentation and feature extraction using ResNet50,
DarkNet19 and Local Binary Pattern. The MATLAB-based
system achieved 97% accuracy and exhibited robust
performance across metrics including kappa, precision,
sensitivity, specificity and F-measures.

Despite notable advancements in YOLO-based wildlife
detection systems, persistent challenges remain in

reducing false positives and false negatives, particularly
under varying environmental and ecological conditions.
Therefore, further evaluation across diverse contexts and
the integration of robust hybrid methodologies are
necessary to enhance detection reliability.

In this study, YOLOV8 is employed to track Amur tigers
with a focus on improving detection accuracy across
heterogeneous environments. A dataset comprising 4,413
images is utilized, supported by preprocessing techniques
such as data augmentation and normalization. By addressing
classification errors and minimizing false detections, the
proposed approach aims to enhance the effectiveness of
wildlife monitoring systems and contribute to improved
conservation practices.

MATERIALS AND METHODS
Dataset description

In this work, the dataset is sourced from Kaggle and derived
from the ATRW dataset (Pendharkar, 2024). The training
and validation data were initially in PASCAL VOC format,
which is incompatible with the YOLO algorithm. To ensure
compatibility, the datasets were converted to YOLO Darknet
format, as required by the Ultralytics implementation.

The dataset contains a total of 4,413 images of tigers.
It focuses on the Amur tiger, also known as the Siberian
tiger. This critically endangered population is found in the
Russian Far East and Northeast China, with fewer than
600 individuals remaining in the wild. Capturing sufficient
image data of these free-roaming tigers is challenging
due to their elusive nature and low population density.
This underscores the need for advanced technologies in
monitoring and conservation efforts. A sample of annotated
images is presented in Fig 1.

Data preprocessing

All images are resized to a consistent dimension, 640x640
pixels, to meet YOLOV8 requirements. To enhance the
diversity of the dataset, data augmentation techniques are
applied. It includes rotation, flipping and brightness
adjustments. This helps improve the robustness of the
model. Normalization of pixel values to a range between 0
and 1 is also performed for faster training convergence.
The dataset is divided into training, validation and
test sets, in an 80-10-10 split. It is important to ensure that
each set has a representative distribution of classes.

Fig 1: A sample of annotated images from the dataset.
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After verifying the accuracy of the annotations, a YOLOV8
configuration file is created, detailing class names and
image paths. Finally, a data-loading pipeline is established
to handle image loading, preprocessing and batching
during training. This thorough preprocessing ensures the
model learns to accurately detect and track tigers in various
environments. Fig 2 illustrates the step-by-step workflow
of the proposed methodology, starting from dataset
collection and preprocessing, followed by image annotation
and YOLOv8 model training. The trained model is then
validated and evaluated to ensure accurate and reliable
wildlife detection performance.

Model architecture

The YOLOV8 model consists of three primary components:

the backbone, neck and head.

e The backbone is responsible for extracting essential
features from the input images. It utilizes a series of
convolutional layers to process the images and create a
rich set of features that will be used in the detection process.

e The neck Acts as a bridge between the backbone and
head, it refines the feature representations. It enhances
the resolution of features while simultaneously
reducing the dimensions of the feature maps. This
helps to optimize the information passed to the head
for final object detection.

e The head of the YOLOvV8 model is composed of three
detection networks, each tailored to detect objects of
different sizes: small, medium and large. This multi-
scale detection capability allows the model to be versatile
and adaptive, ensuring it can accurately identify tigers
regardless of their size in the image. The block diagram
of YOLOWS is given in Fig 3.

Parameters and metrics
Learning rates (Ir/pg0, Ir/pgl, Ir/pg2)

Learning rates are important hyperparameters that dictate
the model's parameters adjusted during training. Setting
the learning rate appropriately is vital for achieving effective
convergence. If the learning rate is too high, the model
may oscillate or diverge, while a rate that is too low can
result in slow training and potentially getting stuck in local
minima. Therefore, fine-tuning these rates is essential to
maximize the performance of the tiger tracking model.

Features of the model
¢ Model/GFLOPs

The computational complexity of the YOLOv8 model is
reflected in its GFLOPs (Giga Floating Point Operations
per Second). This value indicates the number of floating-
point operations the model can perform in a second.

Dataset
4,413 images of tigers

k4

Data Preprocessing

« Resize images
+ Data augmentation
« MNormalization
L Split datasets

.

Parameters and Metrics

+ Learning rates

« Model features

» Loss values

+ Evaluation metrics

f
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Fig 2: Flowchart of the YOLOv8-based wildlife detection methodology.
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Fig 3: YOLOV8 block diagram for tiger detection (Reference: https://docs.ultralytics.com/models/yolov8/).
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For real-time applications such as tiger tracking, a lower
GFLOP value is advantageous, as it allows for faster
processing and quicker decision-making.

e Model parameters

The number of parameters in the model indicates its
complexity. While a higher number of parameters can
enhance the model's ability to capture intricate details of the
tigers, it also raises the risk of overfitting, where the model
learns noise in the training data rather than generalizable
features. Thus, finding the right balance is important.

e PyTorch model/speed (ms)

The processing speed of the model, measured in
milliseconds, indicates its efficiency. For real-time
tiger tracking applications, faster processing speeds
are preferable as they enable the model to react quickly
to changes in the environment, enhancing overall
responsiveness.

eLoss values

Various loss values, including validation losses (val/
box_loss, val/cls_loss, val/dfl_loss) and training losses
(train/box_loss, train/cls_loss, train/dfl_loss), provide
insight into the learning efficiency of model. Lower loss
values during training and validation signify successful
training and suggest that the model is effectively learning
to generalize from the tiger tracking dataset. This efficiency
is critical for ensuring the model performs well when
applied to new, unseen data.

N
1 A
Box loss = z_ll loU (v, Y)

N
1 . A
Class loss = - N 2 yi. log (¥)

i=1

N
1
DFL = N z Ly (¥ 9.)
i=1

Where,

loU= The Intersection over Union between the true box y,
and the predicted box Qi .

L, = The loss function.

Evaluation metrics

To evaluate the performance of the YOLOvV8 model in tiger
detection, several key metrics are evaluated.

Mean average precision (mAP)

Specifically, we focus on mAP50-95(B) and mAP50(B).
Mean Average Precision is a crucial metric in object
detection that measures the accuracy of the model in
localizing objects. Higher mAP values, especially within
the 50-95% confidence interval, indicate improved tracking
precision. This metric allows us to assess how well the
model performs across varying confidence thresholds.
mAP=13°_ AP

c=1 c
c

Precision and recall

These metrics provide insights into the predictive
performance of the model. Precision (B) measures the
accuracy of the model's tiger predictions, indicating how
many of the predicted tigers were correctly identified. Recall
(B), on the other hand, assesses the model’s ability to
detect all actual tigers in the dataset. Achieving a balance
between high precision and high recall is essential; high
precision minimizes false positives, while high recall
reduces the chances of missing actual detections.

AP :z (rn- I’n—l) Pn

n
The parameters used for evaluation are summarized
in Table 1.

RESULTS AND DISCUSSION

The results of the training process are presented in Fig 4,
which provides insight into the model's performance over
the epochs. Initially, both training and validation losses for
box, class and distribution focal loss (DFL) show a
downward trend, indicating that the model is learning
effectively. For instance, the training box loss decreased
from 1.5152 in the first epoch to 1.2224 by the twentieth
epoch, while class loss reduced from 1.0523 to 0.61601.
This decline signifies improved model accuracy in localizing
and classifying objects.

Metrics such as precision, recall and mean Average
Precision (MAP) also reveal significant progress [Fig 5 (a, b)].
Starting with a low precision of 0.07882 and recall of
0.13051 in the first epoch, these values improved
substantially, reaching 0.9438 and 0.90257, respectively,
by the twentieth epoch. The mAP metrics, including
mAP @ 50 and mAP @ 50-95, further highlight the model's
capability to detect objects across various thresholds.
The mAP@?50 increased from 0.03891 to 0.95817, illustrating
a robust enhancement in detection performance.

The confusion matrix provides valuable insights into
the model’s performance [Fig 5(c)]. For the tiger class, the
model identified 544 true positives. This indicates a strong
ability to detect tigers in the dataset. However, there were
also 38 false negatives, meaning the model missed 38
tiger instances. In the background category, the model
recorded 18 false positives. This shows that it incorrectly
classified 18 images as background when they were not.
These results highlight the model's strengths and
weaknesses. The high number of true positives reflects its
effectiveness in detecting tigers. However, the false
negatives suggest that the model could improve its
sensitivity. Additionally, the false positives in the background
category indicate a need for further refinement. Overall, the
confusion matrix complements the earlier metrics.

This dataset included a diverse range of conditions,
such as varying lighting and backgrounds. Fig 6 showcases
a selection of these detections, highlighting the model's
effectiveness in identifying tigers in different environments.
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The present work shows good results compared to
the existing literature. Dave et al. (2023) presented a deep-
learning model designed to track wild animals in real time
using camera footage. The study focused on detecting four
animal categories: Lions, Tigers, Leopards and Bears.
The authors created a dataset of 1,619 annotated
images sourced from documentaries and YouTube videos.
They trained three YOLOvV8 models: medium, large and

Table 1: Parameters used to perform YOLO programming.

Parameter Value
Model YOLOv8m.pt
Python version 3.11.3
PyTorch version 211
CPU 11" Gen Intel Core i5-11320H 3.20GHz
Task Detection
Epochs 20
Batch size 16
Image size 640

W orkers 8
Optimizer AdamwW
Learning rate (Ir0) 0.002
Momentum 0.9

W eight decay 0.0005
Model parameters 2,58,59,899
GFLOPs 76.1
Final mAP50 0.944
Final mAP50-95 0.613

extra-large. The extra-large model achieved a mean Average
Precision (mAP) of 94.3% and could detect animals in real-
time at 20 frames per second (FPS). Wu et al. (2024)
proposed a method for identifying individual Amur tigers
using an improved InceptionResNetV2 model. Initially,
YOLOV5 detected and segmented facial and stripe areas
from 107 tiger images, achieving 97.3% accuracy.
Enhancements such as a dropout layer and dual-
attention mechanism improved feature capture and
reduced overfitting. The model reached an average
recognition accuracy of 95.36%, with left stripes at 99.37%.
This research provided a practical solution for identifying
rare animals and supported conservation efforts. Raneié¢
et al. (2023) aimed to detect and count deer populations in
northwestern Serbia using UAV images and deep neural
networks. They compared several architectures, including
three YOLO versions and a Single Shot Multibox Detector
(SSD), trained on a manually annotated dataset. The best
results showed a mean average precision of up to 70.45%
and confidence scores of 99%. YOLOv4 achieved the
highest precision (86%) and recall (75%), while its
compressed version, YOLOv4-tiny, had a counting error of
7.1%. Prabhu et al. (2022) introduced RescueNet, a YOLO-
based deep learning model designed for detecting
and counting flood survivors in disaster-stricken areas.
The model demonstrated high effectiveness, achieving a
precision of 0.98, recall of 0.97, F1-score of 0.94 and mean
average precision (mAP) of 98%. Senbagam and Bharathi
(2024) aimed to develop a highly accurate object detection
system using the YOLO algorithm for wildlife conservation.

Training vs Validation Box Loss Training vs Validation DFL Loss Classification Loss Over Epochs
—e— Train Box Loss —e— Train DFL Loss 12 4 —e— Train Class Loss
2.2 Validation Box Loss 241 —e— Validation DFL Loss 10 - —e— Val Class Loss
2.0
8 B
2 1.8
6
.6 1
1 ol
1.4 4 z ]
121 - ' ; > . . . : 0 . ; . -
5 10 15 20 5 10 15 20 5 10 15 20
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Fig 4: Loss measurement for training and validation.
(a) Precision and Recall Over Epochs (b) mAP Over Epochs {€) contusion Matrix for Tiger Detection
1.0
0.8 0.8 1 g 20
=
14
v 0.6 5 061 :
o =
0.4 2 et 2
3
0.2 —e— Precision 0.2 4 —s— MAPS50 5" 2
—e— Recall i MAP50-95 E
0.0 4
v - v . : - : - . ,
5 10 15 20 5 10 15 20 Tiger Background
Epochs Epochs Predicted

Fig 5: (a) Precision and recall measurements (b) mAP vs epochs (c) Confusion matrix.
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Fig 6: Output of YOLOv8-tiger detection method.

Table 2: Comparison of detection performance across different models.

Reference Model type

Results Detection categories

Dave et al. (2023)
Wu et al. (2024)
Raneiee et al. (2023)

YOLOvV8m, YOLOVS8I, YOLOV8x
Improved InceptionResNetV2
YOLOvV4; YOLOA4-tiny

Prabhu et al. (2022) RescueNet (YOLO-based)
Senbagam and Bharathi (2024)

Naresh et al. (2023)
This work

YOLO-based object detection
YOLO-based detection
YOLOV8 detection method

mAP=94.3%

Average accuracy>95%
YOLOvV4-mAP: 70.45%,
YOLOVA4-tiny-mAP: 71%,
Precision: 0.98, Recall: 0.97,
Fl-score: 0.94, mAP: 98%

Lions, Tigers, Leopards, Bears
Amur tiger identification
Deer

Individuals and animals

mMAP: 93.8% Wildlife species
Precision: 87% Harmful snakes
mMAP: 94.4% Amur tiger identification

The study achieved a mean average precision (mAP) of
93.8% in detecting and identifying animal species under
varying weather conditions. Naresh et al. (2023) developed
a machine learning model using the YOLO algorithm to
identify harmful snakes, aiming to help farmers recognize
and avoid them. The algorithm achieved a precision of
87% in detecting snakes, facilitating real-time identification
and improving safety in agricultural environments. Table 2
compares the performance of various object detection
models reported in the literature with the proposed YOLOv8-
based approach.

The presented work successfully used the YOLOvV8
detection method to achieve an mAP of 94.4% for Amur
tiger identification. The focus on this critically endangered
species aids targeted conservation efforts. It also highlights
the potential of advanced object detection technologies in
wildlife monitoring.

Despite the strong performance demonstrated by the
YOLOV8 model, certain limitations remain. The dataset size
for Amur tiger detection is relatively limited, which may
restrict the model's generalizability across broader
geographic regions and more complex ecological
scenarios. Variations in extreme lighting, heavy occlusion,
dense vegetation and motion blur may also affect detection
accuracy, as reflected in the observed false negatives.
Future improvements will include expanding the dataset
with more diverse real-world images, incorporating data
augmentation techniques tailored for low-light and

occluded conditions and integrating temporal information
from video sequences to enhance detection consistency.
Additionally, exploring ensemble models or hybrid
approaches combining YOLOvV8 with attention mechanisms
or transformer-based networks will further improve
robustness and sensitivity, particularly for rare and cryptic
wildlife species.

CONCLUSION

The YOLOv8 model successfully detected tigers in a variety
of environments, demonstrating its potential for aiding
wildlife monitoring and conservation efforts. With a final
mAP of 0.944 and significant reductions in both training
and validation losses, the model shows promise in
accurately identifying tigers. However, limitations exist,
including instances of false negatives and false positives
that indicate areas for improvement. However, some
limitations were noted in the model's performance. It had
difficulty detecting tigers in low-light conditions, which led
to missed detections. Moreover, the model sometimes
confused other animals or objects with tigers. These challenges
underscore the importance of refining the model to enhance
its accuracy in varied and challenging environments.
For future work, it is essential to explore advanced techniques
such as ensemble learning or transfer learning to enhance
model performance. Increasing the diversity of the training
dataset could help the model better adapt to various
conditions. Furthermore, incorporating more comprehensive
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data, such as behavioral patterns of tigers, may improve
detection rates. Addressing these challenges can
significantly advance the effectiveness of detection
technologies in supporting the conservation of the Amur
tiger and similar endangered species.
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