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Abstract

Protection of wildlife is one of the important strategies for maintaining the ecological balance of the
Earth and for sustainable development of our biodiversity. Understanding the effects of such
activities on animal behavior can be crucial to managing them to protect or rehabilitate local wildlife
— but to do that, you need to know where, when, how, and how much animals are active.
Conventional tracking is based on visual observation of animal movements, but it is a manual
operation with limitations in observing certain motion patterns and behaviors. To address these
problems, sensors integrated with deep learning have emerged as the 'save grace' for the wildlife
conservation sector. Lastly, it is possible to attach sensors (such as GPS and accelerometers) to
wildlife to capture their behaviors and demeanor in situ. The produced data is large and complex
and may be tedious to analyze by hand. Such sensors can provide incredibly detailed and accurate
data on animal behavior using deep learning algorithms, a type of computer program that learns and
makes predictions from large datasets. Sensors and deep learning combined enable models to
observe and forecast animal behavior with ease. We can use them to sense and classify various
behaviors (such as feeding, mating, and migration) precisely in real time. They can discriminate
different movement paths by their indication of changes in habitat quality or anthropogenic
disturbance. Thanks to this, the data can help 'conservationists make the right decisions and
strategies for saving animal populations.
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1 Introduction

The sensor and deep learning for animal behavior sequences involves the Development of sensor
technology to monitor animal movement accurately and vice versa. A deep learning algorithm is used
to record and analyze animal behavior (Nazir & Kaleem, 2021). This joint integration results in a
complete and detailed history of what an animal did, where it went and what it did in multiple
environments. The sensors in the study are of visual, audio, and motion sensor types (Lahoz-Monfort &
Magrath, 2021). The devices may include, for example, cameras, microphones, accelerometers, and/or
the like, capable of recording video, audio, and/or motion data (Javaherian et al., 2017; Nathan et al.,
2022). These sensors are installed in an animal’s environment, whether it is a cage environment or an
open field, to capture its natural activities without human interference (Dominguez-Morales et al., 2021).
The information is processed by algorithms that are trained on large databases to identify clusters in the
behavior of the These algorithms detect particular behaviors via neural networks, which process the
sensor data and extract features (the amplitude envelopes that are associated with body movement or
amplitude modification of the vocalizations) (Rafiq et al., 2021). It permits precise and high-resolution
monitoring of single-cell response. One advantage of this integration is that it allows for the separation
of different modes of behavior. For instance, the skill to differentiate between teasing and play fighting
in animals could be a skill that humans might also struggle to discern. It could also serve as a resource
for researchers seeking to understand the circuits underlying such behaviors and how external factors
influence the systems in which these behaviors arise. This is a link to knowledge of abnormal behaviors
in animals, which may indicate disease and suffering (Couzin & Heins, 2023). As such, it could be used
to notify caregivers or researchers to intervene if needed. DBMIB’s tracking and monitoring of animal
behavior using sensors and deep learning is an efficient and accurate technique for tracking animal
behavior. It provides scientists with high-quality data on in-captivity animals, which can enhance their
understanding of animal behavior and be applied to conservation, animal welfare, and scientific research
(Mou et al., 2023). For researchers in academia and industry, sensors in combination with deep learning
have brought about a significant revolution in the field of animal behavior tracking, enabling the
monitoring and identification of animal behaviors at a higher resolution, regardless of the type or form
of the animals (Congdon et al., 2022). Integration typically involves sensors (such as cameras, GPS,
accelerometers, and RFID tags), as well as the collection of their data into deep learning algorithms and
the datasets the power. These data are then further processed using deep learning methods for analysis
and examination. (Davis, 2019). Data synchronization represents one of the most significant challenges
in this integration. As sensors collect data at various rates and times, it is crucial to synchronize the data
to directly monitor and understand the animals' behavior at high resolution. That means creating software
and equipment that can run in parallel and process huge streams of data collected by dozens of sensors,
synchronizing them in real-time. They also suffered from problems with data logistics and analytics. An
example of this data explosion is the discipline of animal behavior tracking, where a surge in data is
driven by computational intelligence that manages and interprets temporal datasets, with deep learning
as one of the key drivers (Roy et al., 2023). The analysis of this data, in turn, requires substantial
computing power and complex algorithms. Scientists must then validate their algorithms to ensure their
robustness across various settings, species, and accuracy, thereby preventing biased or erroneous
outcomes. Privacy is also a major concern in tracking animal behavior. The use of sensors and deep
learning algorithms for tracking animals raises ethical issues. Moreover, animals are implanted with
monitoring devices to control neural activity and body physiology (Wang et al., 2023). Remember that
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researchers need permission from owners (or even authorities) and must follow regulations regarding
privacy to carry out research on tracking technologies. The main contribution of the research has
the following:

Reduced hardware and infrastructure dependencies: Although scientists love using the term, it’s a
buzzword used across fields referring to removing hardware or infrastructure from an algorithm. One of
their goals may be to make algorithms generic across various types of hardware and infrastructure (I
mean, who doesn’t want to wait for less hardware to get involved with some of your favorite
algorithms)? Maybe you are deploying a different type of sensor with a similar algorithm deployed on
another sensor device. This revolutionary methodology may enable the reliable observation of
aggressive behavior in wild animals, providing important insights into this topic (Biswas & Tiwari,
2024).

Improved feeding of stereo animal action surveillance: Most prior works incorporate a few machine
learning capabilities for acquiring accurate observation about the behavior of animals much older
beyond the unique sensor-supported domain analysis. This is achieved through the use of a number of
computer vision and machine learning algorithms (Salman & Banu, 2023). We then utilize these
techniques to parse and understand large data volumes in real time, enabling the tracking of specific
behavioral events across animals with accuracies exceeding 80%.

Advantages for Wildlife Research and Conservation: The integration of sensors and deep learning
technology will bring significant benefits to wildlife research and conservation. This fine-grained data
on animal behavior will enable researchers to develop a more accurate picture of where species travel
and what they do when they arrive — knowledge that can be crucial for forming effective conservation
strategies and helping to protect at-risk species. It can also be useful for wildlife management and in
human-wildlife conflicts.

The rest of the research will be continued in the following chapters. Chapter 2 presents the related
work for the research. Chapter 3 is devoted to the proposed model, and Chapter 4 is to a comparative
analysis. Chapter 5 presents the results, and Chapter 6 presents the conclusion and future work.

2 Related Words

Srinivas et al., 2023 have considered Animal wearables that monitor the movement and behavior of
animals in an 10T fashion. These tools will enable researchers to understand the behavior and ecology
of animals better, leading to enhanced conservation efforts and the ability to track animal populations in
real time. Borah, B. et al. Machine vision technology for tracking Animal movement in forests has been
discussed by (Borah et al., 2022). This Technology is the practice of using cameras, computer vision
algorithms, and Al to track and understand an animal's movement in the wild. It can be used to study
animal behavior, migration and population dynamics to promote conservation. (Dujon et al., 2021) have
addressed a machine learning technique used for training computer algorithms to automate the process
of detecting and classifying marine animals in UAV aerial images. Multiple factors, including animal
characteristics, Technology, animal behavior, and habitat features, influence the performance and
application accuracy of this Technology. (de Knegt et al., 2021) described Timely poacher detection
and localization, a technique that exploits the normal movement behavior of sentinel animals (e.g.,
elephants or rhinos) to detect and localize suspects in the background of the sentinel animals (Madhan
& Shanmugapriya, 2024). The Technology can help stop animal poaching and protect endangered
species by sending real-time alerts for immediate intervention. (Ronoh, 2023) have discussed early
warning systems for human-wildlife-human-wildlife conflicts. The approach employs deep learning,
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10T, and SMS technology to sense and notify people of emerging confrontations. Such a system will
contribute to a decrease in conflicts and increase the safety of both animals and humans. (Chalmers et
al., 2021) have addressed the Remote Sensing of Biodiversity Acoustics. In acoustic monitoring, animal
sounds are recorded and analyzed by specialized equipment. Deep learning algorithms can be utilized
to process this acoustic data, enabling the identification of species, estimation of population sizes, and
monitoring of changes in biodiversity over time (Satapathy et al., 2025). This method provides a non-
invasive and cost-effective means for monitoring animal populations and their habitats. (Wu et al., 2023)
provide a representative review of Deep learning, which is a part of artificial intelligence, aiming to
identify trends and forecasts by analyzing big data. The application of this Technology could help track
populations in terrestrial mammals by analyzing high-definition satellite images of wildlife populations
to detect and track changes in their distribution and movement across the types of terrain where these
fauna populations reside. (Borowiec et al., 2022) It is a form of machine learning that's often used to
analyze data and find patterns and insights (it is a fancy way of saying pattern recognition). It can be
used to examine species distributions, species interactions, and evolutionary relationships in ecology
and evolution, and we anticipate novel results to emerge in these areas. (Griebling et al., 2022) describe
how technology scientists employ devices that allow for the observation and tracking of animals at a
distance, recording the animal's actions and the way it interacts with its environment. This might
contribute to the in situ understanding of animals' cognitive capacities and a more embodied view of
animal intelligence and adaptive actions (Chandrakar et al., 2022) Deep Convolutional Neural Networks
(DCNNS) are used in animal detection, where images are fed into the model and patterns are learned
with multiple cascaded neuron layers. The classification of animals is efficiently carried out thanks to
the genetic segmentation of the input image into regions, which reduces the number of false-positive
classified animals. This method is a hybrid of deep learning and a genetic algorithm, offering accurate
results.

Manzi et al., 2023 have described the apraspRaspberry Pi akecreateystem, which aims to harness the
power of machine learning and the popularity of the raspRaspberry Pi akecreateystem to track and
geolocate wildlife in a remote freeze-dryeditorialuseonly placentae system which can detect and monitor
animals via “camera traps through machine learning algorithms for conservation and research.
(Arablouei et al., 2023) have proposed multimodal sensor data fusion. This approach also utilizes multi-
sensor data integration with heterogeneous sensors, such as accelerometers and GNSS receivers, to
calculate animal behavior in a more accurate and robust manner. Having both location and movement
data simultaneously allows for a much more detailed picture of what Aofimal is doing. (Jeantet &
Dufourq, 2023) demonstrate that Contextual features, such as location, time, and environmental factors,
can enhance the effectiveness and efficiency of deep learning-based acoustic classifiers for wildlife
monitoring. It facilitates more precise species separation and tracking and is beneficial for the
conservation and management of human habitats. Automated deep learning is presented as a method
that uses deep learning to classify tracks automatically. This method, identified automatically, utilizes
high-performance computer algorithms to efficiently complete the work after the animal track images
have been provided. It makes use of advanced deep learning models (such as convolutional networks)
to understand patterns and make predictions with real-time decisions. It could also aid wildlife
conservation and animal behavior studies. (Dorfling et al., 2022) to the Satellite, Aerial, and Ground
Sensor Fusion Experiment project, which utilized cutting-edge technologies—satellite images, aerial
drones, and ground sensors—to monitor and protect elephants and rhinos from poachers. The project is
hoping to rear better management programs and work to decrease the indiscriminate killing of this
endangered species. Table 1 Shows the Comprehensive Analysis.
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Table 1: Comprehensive Analysis

Author Year Advantage Limitation
. Real-time tracking and data collection, allowing "Limited data accuracy and reliability due to
Srinivas et al., ; . . . -
2023 2023 | for more accurate and detailed analyses of animal potential technical malfunctions or
behaviour and movement patterns. interference in remote environments."
Improve data collection and monitoring of animal One limitation could be the difficulty of
Khyade & - - . . .
2023 behaviours, allowing for more accurate and accurately tracking fast-moving animals or
Wanve, 2018 .. . . . .
efficient research and conservation efforts. animals in dense vegetation.
. Efficient and accurate detection due to the ability Difficulty in aF:curater |(.jer?t|fy|ng. r?"e or
Dujon et al., o . uncommon species due to limited training data
2021 to process large datasets and identify patterns in RO -
2021 . . . and variation in their appearance and
morphology, behaviour, spacing, and habitat. .
behaviour.
One limitation of timely poacher detection and
de Knegt et Improved conservation efforts and protection of localization is the reliance on the presence and
2021 - . - . .
al., 2021 endangered species from poaching threats. visibility of sentinel animals for accurate
detection.
Improved response time to prevent potential One limitation could be the high cost of
Ronoh, 2023 | 2023 dangers or damages caused by human-wildlife implementing and maintaining such a complex
conflicts. system in rural areas with limited resources.
Efficiency - acoustic monitoring and deep learning The lack of information on the behaviour of
Chalmers et . - - - ; - . L
al. 2021 2021 | can quickly and accurately identify and classify a animals during vocalizations can limit the
v large number of unique animal species. accuracy and reliability of the model.
. .- . Lo Large set-up and resource requirements,
High accuracy and efficiency in monitoring large - T -
Wuetal., - - - including high-performance computing
2023 | populations of terrestrial mammals across various - .
2023 resources, can hinder the scalability and
landscapes. e
accessibility of the approach.
An advantage of deep learning for ecology and One limitation of deep learning in ecology and
Borowiec et evolution is its ability to efficiently analyse large evolution is its reliance on large amounts of
2022 L ; - -
al., 2022 amounts of complex data for pattern recognition high-quality data for model training and
and prediction. interpretation.
"Real-time data collection enables accurate and . Lo
_ - . . - Lack of control over variables and limited
Griebling et detailed observation of animal behaviour and can Lo .
2022 . . s op . . observation time due to environmental factors
al., 2022 capture interactions that are difficult to replicate in . -
. N and animal behaviour.
a controlled environment.
The advantage is improved accuracy in animal Overfitting to training data, leading to poor
Chandrakar et . . . - . e
al. 2022 2022 detection, leading to better detection rates and generalization and incorrect detections in real-
B minimizing false-positives. world settings.
Increased efficiency in data collection and The limited battery life of Raspberry Pi may
Manzi et al., 2023 analysis, enabling more accurate and timely limit the duration of continuous monitoring
2023 identification and tracking of wildlife species and and localization in remote wildlife
their movements. environments.
. Combining data from multiple sensors can provide One limitation is that it may not accurately
Arablouei et . . . :
al. 2023 2023 a more comprehensive understanding of an capture subtle or complex behaviours, as it
B animal's behaviour in their natural environment. relies on specific movement patterns.
Jeantet & One advantage is increased accuracy of species Limited applicability to specific species or
Dufourq, 2023 detection, leading to more precise and efficient ecological contexts without sufficient training
2023 monitoring of wildlife populations. data or external validation.
Jishnu & The ability to accurately classify animal tracks at a Limited performance in recognizing subtle
Shailesh, 2023 faster pace, saving time and effort compared to variations in track patterns and species
2023 traditional manual tracking methods. differentiation due to lack of training data.
. Utilizing multiple types of sensors allows for more | Inability to detect poaching events in real-time
Dorfling et . . . . . .
al. 2022 2022 comprehensive and accurate monitoring of due to the time lag in processing and analyzing

wildlife and protection against poaching.

data from multiple types of sensors.
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Noising sensor data: If the sensor data are noising, this will destroy the observation of the animal’s
behavior. Better quality (or target-specific target-specific) sensors and filters, along with validating the
data, would help overcome this.

Limited computational resources: Real-time analysis of sensor data for curated tracking may require
heavy computation, which is not feasible for devices with limited computational power. The problem
above can be addressed by enhancing the algorithms and applying an edge computing technique to
reduce the processing burden.

Variability of the Physical Environment: Mapping animals’ behaviors to one another, as well as
studies and connection weights under realistic conditions, such as differences in lighting, occlusions,
and background clutter, is challenging. This would result in low-quality data or biased results, a situation
that could necessitate the development of more sophisticated computer vision and machine learning
approaches to address such issues. Lastly, sensor fusion technologies with gimmicks such as hydration
might also lead to an increase in accuracy in other setups.

In recent times, the use of technology has revolutionized conservation worldwide. Conservationists
have a variety of tools at their disposal, from satellite tracking to drones, but real progress has only
occurred thanks to a bird-brained idea. The most prominent technical innovation may be the application
of DNA analysis to wildlife conservation. This technology enables researchers not only to identify and
track individual animals but also to study population dynamics and discover new genetic issues. It was
also deployed to combat wildlife crime, including poaching and illegal trade, and to track down and take
legal action against the perpetrators. Overall, technological advances are improving wildlife
conservation, with increased accuracy and efficiency in efforts to protect and preserve species for future
generations.

3 Proposed System

A. Construction Diagram

e Training Images

One important factor in machine learning and computer vision algorithms is the training images that the
model is provided to learn how to detect and categorize certain objects it can approach. These are
massive sets of pictures of objects taken from a variety of angles and positions. In training a model, we
offer it images like these, then adjust the parameters of the model so that the output it produces is closer
to the one we want to see. It also helps the model visualize the Visual details (after all, a Colab is all the
words one could write) involved between two objects that distinguish one from the other, such as colors,
shapes, and textures. As more and more trained examples are provided to the model, the model learns
how to identify and categorize objects, which can result in a more accurate classification or prediction
of the implicit drone | am flying. As our training images are the ones on which our model is trained, it
is mandatory to have such good quality and size of training images because depending upon the quality
and size of our training images, they are going to learn and train our model to generalize well and also
to recognize the objects accurately from new and unseen images.

o Data Augmentation

Data augmentation is increasing the variety and size of data used for training machine learning models
by creating new training samples from the existing data. This technique helps improve models'
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performance and generalization by reducing overfitting. The process involves manipulating the existing
data in a way that preserves its meaning while introducing variation. Figure 1 Shows the Construction

of proposed model

Test image

L Data augmentation[—
Training images

Classified species

Figure 1: Construction of Proposed Model

It may involve rotating, scaling, cropping, or flipping images, adding noise or distortions, and using
generative adversarial networks to create new data. Through augmentation, the model sees a wider
variety of images, which makes the model more robust in handling unexpected variations in the test data.

e CNN Based Binary Classifier Training

Training of CNN-based binary classifiers: A CNN model was trained to classify as (2) class datasets.
This is achieved by training the CNN on a large set of training data and their corresponding class labels.
The CNN is trained through numerous epochs, where its parameters are optimally adjusted to improve
its accuracy in identifying the input data. It does so use tools such as gradient descent and
backpropagation.

Hb'a=H;“‘“+Imc><(H;“aX—H;“‘"), vb=12,...,M )

H 11 H1,2 H lc-1 H 1,d
H2,l H2,2 H2,c—l H2,C

(2)
HM,l HM,Z HM,C—l Hn,c

Mya = HZ™ xRy, €)

The CNN passes the input data through layers that learn to recognize and make predictions based on
those features. The resulting model is then applied to classify new data accurately.
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¢ CNN Based Multiclass Classifier Training

The multiclass classifier of a CNN (Convolutional Neural Network) trains a neural network capable of
classifying multiple kinds of data into various classes. This is the type of classification with which we
are most familiar. For example, in image recognition cases, the network is designed to recognize objects
in the image and classify them into different categories. During training, we present the network with
thousands of prelabeled photos, and the network produces patterns and identifies features in each of
these images through tens of layers of field convolutions. Nevertheless, you train your network (via
backpropagation and/or gradient descent) using the loss function to minimize it and improve your
model's accuracy. As soon as it does this when viewed, the network proves itself by separating the new,
unseen images into the correct categories.

e Test Image

<Test image> is a computer vision technique used to evaluate the performance of a machine learning or
image processing algorithm. The test image typically contains various objects, backgrounds, and lighting
conditions similar to those found in real life. This image is then passed to the algorithm, and features are
extracted and compared to an expected output. It only judges the algorithm based primarily on accuracy,
precision, and recall. The evaluation itself consists of pre-processing the image, applying feature
extraction and classification techniques, and ultimately, ly judging the outcome. This, in turn, enables
the identification of constraints or improvements in the algorithm th, thereby providing more precise
results in real-world scenarios.

e \Wildlife Detector

As the name implies, the Wildlife Detector uses a combination of sensors and Al to detect and track
wildlife species in the wild. It begins with bringing in information from various sources (satellite
images, drones, on-the-ground sensors). Sophisticated algorithms then process these to identify multiple
features and characteristics of the other animals. The detector can distinguish among otherwise similar
species by examining traits such as individual appearances, movements, and even sounds.

H,.—Avg(H,)

Fb'a:a+HaBeStx(H;‘ax—H;‘i”)+e’ (4)

Avg(Hb)z%azclle’a, 5)
HEs _H

Lo =y 2 ©

This information is transmitted live; However, the screen information is of limited use for wildlife
and conservation projects. As a precise and easy-to-use detector, the SH1 is an invaluable tool for
researchers and conservationists whose work is to protect and research the planet’s array of wildlife.

e \Wildlife Identifier

There is an automated tool capable of accurately identifying the prey species of wild animals. It is backed
by a sophisticated algorithm and a machine learning system, which recognizes a variety of parameters
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(physical characteristics, behavior, and environment) to determine what species lies in front of the
camera. It compiles all types of data, such as photos and acoustic records, which complement the main
system. The identifier would then compare the data against a large database of known species to make
an identification. Conservationists, scientists, and wildlife enthusiasts would also be able to follow and
learn from different species to help protect and conserve the animals that live in these national reserve
areas.

e Classified Species

An unknown classified species is an organic being in a given taxon, Known, to be repressed for the
species' security and preservation from preventable harm. The unique features of this species distinguish
it from all other organisms known to us at this time. It functions as part of an intricate physiological
system, which includes reproduction, metabolism, growth, and environmental adaptation. Furthermore,
the species possesses various specialized organs and systems that allow it to carry out vital processes,
including nutrition, defense, and homeostasis.

VP VP ot VP
vo=| Fa TP T e )
Wi VPma =0 VP
M. = et (V) ®
CN, CM, - CMy
g | M CMz o CMy, o
CM,, CM,, CM,
ReLU (h)=max(0,h). (10)
h"=Z"h"™"+i", (11)

Moreover, the species Type is thought to have a complex genetic system that allows for the
development and evolution of the Classified species. Its cryptic nature makes it an interesting subject
for both science and conservation.

B. Functional Working Model

e Conv + Batch Normalization + ReLLU

It starts with the first layer — the convolutional layer, in which filters are applied to the input to make it
useful to grasp the importance of words, essentially producing extracted features. Then, the Batch
Normalization layer is used to normalize the outputs of the Convolutional layer by modifying the mean
and variance. It also helps prevent output from becoming excessively large or too small, which can cause
problems during the training stage.
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H, =Rl +rand (1,C)x(Ol —RI), (12)
{1, if H,>05
IH,, = _ (13)
0, otherwise.
IH
Fit, :(1—Z)x[|c—b|j+ﬂ,x7/b, (14)

Ultimately, the ReL U activation function is employed to introduce non-linearity and facilitate a more
effective learning process. The network can learn more complex relationships between the input and
output data as well. These operations, combined, contribute to the better performance and stability of
the network, allowing it to learn more efficiently and accurately.

e Upsampling Layer

As described above, when combined with a certain operation, Upsampling is also a pair of operations
commonly used in DL models to upscale the size of feature maps. They are often followed by a
downsampling layer called max-pooling to preserve spatial information and reduce the model's
complexity. Bridging layer: A bridging layer connecting the feature maps, as an upsampling layer used
to interpolate the feature maps and fill the gap between the feature maps to make full use of the feature.
This network parameter needs to learn how much to zoom into the input to generate the upsampled
output, given the operations in the network nearby (e.g., e.g. the kernel size and stride of the upsampling
filter) and allows the model to learn an appropriate amount of input processing power for the task. Figure
2 Shows the Functional block diagram.

Layer 8

Layer 1

Layer 2

»

Layer4  Layer5 |

Polling operation
Conv+normalization+ -

Figure 2: Functional Block Diagram

This layer is important in tasks such as image segmentation and generation, where spatial information
is crucial for the result. In general, the up sampling layer is a key component of deep learning models,
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enabling them to learn a deeply non-linear mapping function that significantly increases the resolution
and visual quality of the output.

e Pooling Operation

This is accomplished by partitioning the input image into non-overlapping small regions and selecting
the maximum (in max pooling) or average (in average pooling) value of each area. It provides a way to
reduce input dimensionality, allowing you to train your network more quickly and prevent overfitting.
Prevent overfitting by maintaining translation invariance so that if the object of interest appears shifted
slightly across the image, the network should still be able to identify it. It enhances the robustness of
neural networks and reduces misclassification errors. In summary, the pooling operation does impact
the efficiency and effectiveness of convolutional neural networks in image recognition.

e Skip — Connection

A "SKip - Connection” is a technique used in neural network architectures, specifically in deep learning
models, to improve the gradient flow during training and enhance the network'’s overall performance. In
this technique, the output of one layer is directly connected to the input of a subsequent layer, thus
creating a "shortcut™ path for the gradient to flow without passing through all the intermediate layers.

It speaks to the accuracy rate at which intrusions are detected. It is computed as

MI
IT 0o = Miz JDD} (15)

Best ?
1 y=l

This is the proportion of in-torsion anticipated positively; it is often referred to as a true-positive rate
(TPR). It is computed as

M,
‘]Tsens = Mi Z Sensgest ! (16)
I y=l
VF
SenSBest = m (17)
Ngsa =N
PIR = —%2_A9,100, (18)

RSA

Based on the bounding box coordinates, detection scores were computed, allowing the cord-nates to
be (x1, y1) and (x2, y2).

1
1+g7°"

(19)

\

Where S_t represents the tracking confidence and object tracking is accomplished using an S
detection score. O is the average output outcome for the specified image.

Images of moving elephants, as depicted in Figure 6, were captured for a study in the Hosur region.
Figure 6 describes the bounding representation of the object with its top, bottom, and right coordinate
representation.
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(Q+Q)*
Q, =1(Q,+Q)*=+, (20)

(Q+Q.)*

o|lw [N |-

Acquired by guaranteeing the item presence based on the real objects identified as bounding boxes
in the expression by employing the sigmoid function on track.

Items using their visual characteristics. Relative movements, which have been determined using the
formula below:

AR] = Uil (21)

This helps to effectively mitigate the vanishing gradient problem, where the gradient becomes very
small or even disappears in deeper layers, and enables more efficient and practical training of the
network. Additionally, this technique helps preserve the essential features extracted by earlier layers,
leading to improved performance in tasks such as image recognition and natural language processing.

C. Operating Principle

e Convolution + ReLU

The operation " is an essential component of CNN. In this operation, an input image is convolved with
a set of learnable filters to extract features. During the operation of sliding the filters across the image,
a dot product is performed between the filter and pixel values in a patch area, which is the portion of the
image on which the filter is placed. It produces a feature map that focuses on the most important parts
of the image. The ReLU (Rectified Linear Unit) activation function is then fed to the feature map,
zeroing all negative values and passing nonnegative-negative values unchanged. The output table matrix
with multiple criteria will be averaged, forming the natural output produced.
ky —ky

AP =R K (22)

X

Wb
AW? —log (W—;j (23)

1

The tubeless localized video, used as input, served as a reference for the tubeless detection. loU
thresholds for object localization were also obtained using Equation (10).

VMV
loU (V,V, ) = S Var (24)

vUuv,

It is non-linear, allowing the network to learn complex patterns and distinguish between different
classes. Applying convolution and ReL U can enable the network to learn hierarchical representations of
input images, which improves performance on tasks like image classification and object detection. In
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total, there is a key function that enables CNNs to be successful in a wide range of computer vision
tasks.

e Pooling

Pooling is a dimensionality reduction filter that extracts the most important features from the input
through dimensionality reduction. Conversion from high dimensionality data to low dimensionality data
(sub-sampling) to increase computational cost 5.2 Pooling Pooling Pooling is a method in Neural
Networks for reducing the dimension of an input Pooling Pooling Pooling is Pooling Reduction of the
dimension of neural networks Pooling Pooling is a dimension reduction technique in the given the
Neural networks. It achieves this through a process where your input image is divided into smaller
chunks (configured to ensure no overlap), and you find the maximum or average value while sliding
over these chunks. This results in a decrease in the number of operations and an increase in accuracy, as
important features are identified and returned while trivial ones are discarded. Figure 3 Shows the
Operational flow diagram.

Ftu Ftu

connected Output

Convolution- Pooling Convolution-ReLU Pooling connected predictions
ReLU

T ‘I Kangaroo
. Rabbit
. Wallaby

T \. ?andicoo

Convolution-Pooling Layers Fully connected Layers

Figure 3: Operational Flow Diagram

Pooling also helps make the network more robust to variations in the data by providing some degree
of translation invariance. Overall, it allows the network to learn and generalize from the input efficiently,
making it a crucial operation in the success of deep learning models.

e Fully Connected

What is "fully connected" in a neural network?? There is an important process in the neural network
called "fully connected ". It is only to give the input data a little more human-friendly, human-friendly
look and structure. It is also known as a dense layer because all neurons in the 'Current' layer are fully
connected to all neurons in the 'Next' layer.

e,—d, =g, (25)

d,—e,,b=1 (26)
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ib-+1= jpb+(1— j)ib. @7)

These weights and biases represent the significance of the input data, which is crucial for predicting
the output. This enables the extraction of complex relationships between the input features and the
output, making the model more robust and powerful.

e Qutput Predictions

The task of Output Predictions Kangaroo Rabbit Wallaby Bandicoot is a machine learning problem
where we need to predict the class or category of the input. This is often done by a trained model that
picks up on patterns and associations within the dataset. The predictions are generated by hard-wiring
the input through the trained model, which performs a series of mathematical operations on the data to
determine the most probable class of output.

The update g | is obtained by subtracting the background model bi + 1 from the subsequent frames
f (28)

Therefore, a perfect value that works in every aerial platform scenario is needed. The optimization
procedure is performed under the assumption that the item's statistical properties differ significantly
from those of the background.

R=[R" RG] (29)
Generalizing the expectation parameter for n pixels

R =P{K,[n]},1<n<N.

(30)
%=(B—O‘G)2. (31)
Gb(n):(Kb [n]_Pb)Tk. (32)

For example, in this case, the model is trained to classify animals, and based on the patterns it has
learned, it predicts the input will be a kangaroo, rabbit, wallaby, or bandicoot.

The strong association between the hues in the RGB spectrum necessitates a conversion from RGB
to HSI color space.

a=nlis-ijj,} (33)
P(k):{

The accuracy of the predictions depends on the quality and quantity of the training data and the
complexity of the model used.

1-k?, if0<k<1,

. (34)
0, otherwise

4 Result and Discussion

The proposed model Wildlife Behavior Tracking through Sensor-Deep Learning Integration for
Conservation (WBT-SDLIC) has been compared with the existing Enhanced Animal Conservation using
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Sensor-Deep Learning Integration (EAC-SDL), Sensor-Assisted Deep Learning for Accurate Wildlife
Behavior Tracking (SADL-WBT) and Accurately Tracking Animal Behavior with Sensor-Deep
Learning Integration (ATA-SDLI)

4.1 Sensor Accuracy

The sensors used in the system are crucial for accurately tracking and monitoring animal behavior. The
system should have susceptible and precise sensors to detect subtle movements and behaviors. Table 2
presents a comparison of Accuracy between the existing and proposed models. Figure 4 Shows the
Computation of Sensor Accuracy.

Table 2: Comparison of Accuracy (in %)

No. of Inputs | EAC-SDL | SADL-WBT | ATA-SDLI | WBT-SDLIC
100 66.20 88.02 87.14 97.19
200 64.57 86.28 85.56 95.77
300 64.09 83.94 83.36 94.51
400 62.80 83.13 81.73 92.52
500 60.69 80.84 80.59 90.05

@eAc-sDL @SADL-WBT B ATA-SDLI BWBT-SDLIC

- T WETSDLC

e T _ SADL-WBT
ATA-SDLI

60 ———e EAC-SDL
EAC-SDL
300: 64.09

Accuracy

-]
o
5]
o
o

200 250 300 350 400 450 500

No. of Inputs

Figure 4: Computation of Sensor Accuracy

4.2 Data Processing Speed

A key technical performance parameter is the speed at which the system can process incoming data from
sensors and apply deep learning algorithms to analyze the datameter. Faster data processing enables real-
time monitoring and informed decision-making. Table 3 shows the comparison of processing speed
between the existing and proposed models. Figure 5 Shows the Computation of Data Processing Speed.

Table 3: Comparison of processing speed (in %)

No. of Inputs | EAC-SDL | SADL-WBT | ATA-SDLI | WBT-SDLIC
100 69.20 86.02 85.14 93.19
200 67.57 84.28 83.56 91.77
300 67.09 81.94 81.36 90.51
400 65.80 81.13 79.73 88.52
500 63.69 78.84 78.59 86.05
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No. of Inputs

Figure 5: Computation of Data Processing Speed

4.3 Deep Learning Model rating

The deep learning algorithms used in the system should be highly efficient and accurate in predicting
and analyzing animal behaviors. These models should also be able to adapt and learn from new data to
improve their performance over time. Table 4 presents a comparison of model ratings between the
existing and proposed models. Figure 6 Shows the Computation of the Model rating

Table 4: Comparison of Model Rating (in %)

No. of Inputs | EAC-SDL | SADL-WBT | ATA-SDLI | WBT-SDLIC
100 72.20 83.02 82.14 90.19
200 70.57 81.28 80.56 88.77
300 70.09 78.94 78.36 87.51
400 68.80 78.13 76.73 85.52
500 66.69 75.84 75.59 83.05

BEeac-sDL @SADLWBT BATA-SDLI @WBT-SDLIC
100

66

B4

Model rating

62

100 200 300 400 500
No. of Inputs

Figure 6: Computation of Model Rating
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4.4 Energy Efficiency

Energy efficiency is a critical technical parameter since the system will likely be deployed in remote and
off-grid locations. The system should be designed to minimize energy consumption while maintaining
its performance, ensuring long-term operation in the field. Table 5 compares the energy efficiency of
the existing and proposed models. Figure 7 Shows the Computation of Energy Efficiency.

Table 5: Comparison of Energy Efficiency (in %)

No. of Inputs | EAC-SDL | SADL-WBT | ATA-SDLI | WBT-SDLIC
100 76.20 79.02 79.14 87.19
200 74.57 77.28 77.56 85.77
300 74.09 74.94 75.36 84.51
400 72.80 74.13 73.73 82.52
500 70.69 71.84 72.59 80.05

BeAc-SDL BSADL-WBT BATA-SDLI BWBT-SDLIC

66
250

8]
[=]
[=]

18

Energy Efficiency
i
o
(=]

=
Qo
[=]

62

50

300 400 500

No. of Inputs

Figure 7: Computation of Energy Efficiency

5 Conclusion

Integration of sensors and deep learning technology and its potential application in wildlife conservation.
Enabling the monitoring of how animals behave and move gives conservationists insight into the
numbers of animal species, as well as the habitats in which they live — thereby helping them to be more
efficient with their conservation plans. By offering an array of research data on animals, these sensors
enable unobtrusive, long-term monitoring of animals, which increases the data volume and reduces
human disturbance. Furthermore, deep learning networks also enable this in real-time and on a very
large scale, allowing for a timely and accurate understanding of the animal's behavior. Additionally, the
combination is used to detect and prevent illegal activities, such as poaching, and also to help protect
threatened species. However, challenges and obstacles persist, including the cost and availability of
technology, as well as risks to the animals. But it's also difficult not to imagine the powerful potential in
terms of practical benefits such integration could offer in conservation efforts in wildlife today, such
that we could have a greater impact if we continued to work together in collaborations between scientists,
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conservationists and technology to better the preserving of our precious wildlife at a time when it is so
meaningful to the world.
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