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ABSTRACT: In many villages, especially the ones near forests, farmers face big troubles when elephants come into
their fields looking for food. This causes lot of crop damage, money loss, and sometimes even risks to people’s lives.
This paper shows a simple and cheap system for spotting elephants near farms and warning farmers in real-time. The
system uses motion detectors, heat cameras, and normal security cameras, all connected to a basic computer that uses
Al to identify the elephants. When an elephant is seen, the system sends warnings through mobile networks or by local
alarms. inspect how well different algorithms like convolutional neural networks (CNNs) and support vector machines
(SVMs) work in identifying elephants in various environments. By analyzing lots of images and videos, we evaluate
how accurately and reliably these models perform. Our results show how the Al methods significantly improve
detection rates compared to older techniques. Our tests in real-world places show that the system works well and helps
reduce problems between people and wildlife.
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I. INTRODUCTION

In many areas of Asia and Africa, especially in rural places where farms are near to wildlife zones, human-elephant
problem is a big issue. Farming is one of the main ways people earn their living around the world. When elephants lose
their homes, their paths get blocked, or they look for food, they enter into farms. This creates serious troubles like lost
crops, damage fields, and sometimes even injuries or deaths of humans or elephants [1][2]. Elephants are iconic
wildlife and widely protected animals, but in recent years the fights between elephants and humans have gone up,
especially in the farming areas that are close to forests. But farmers deal with a lot of problems, and one big issue is
elephant entering their fields. This causes problems like losing crops, breaking of properties, and even hurts and deaths
to both humans and elephants. Old methods of protecting the fields, like using scarecrows or checking manually, often
don't work good enough. This paper is about an automated system that uses YOLOVS to detect wild animals, along with
hardware tools, to make farms and homes safer. When elephant enter farmland, they don’t just ruin crops but can also
mess up irrigation systems and storage areas. The problems aren’t only about money; they also put people’s safety in
danger when animals come too close to where humans live. Because of this, we need a strong and tech-based solution
that can monitor and keep animals away effectively. This paper gives an idea about a cheap and energy-saving elephant
sensing system that is good for rural farm areas.

II. LITERATURE SURVEY

Farming elephants have prompted research into the development of early warning systems directed toward wildlife
protection and agriculture land safeguarding. One of the preliminary techniques was the use of Passive Infrared (PIR)
sensors that would pick up movement around the vicinity of the farms [1]. Although low-cost, these sensors created a
lot of nuisance alarms because they flagged other animals’ movement or even branches moving due to wind.
Researchers improved detection at night using thermal imaging systems in [2]. These systems provided better detection
capabilities under low light but struggled with cost and maintenance issues. In [4], a novel technique was suggested that
was still unsupervised but based on a mix of sensor data and image analysis with the aid of CNNs. This method
increased the level of reliability of detection in complex environments.
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Edge computing was investigated in [5], where devices such as Raspberry Pi’s would download data and analyze it on
the device, instead of streaming data constantly from the cloud. In the same way, [6] implemented vast IoT-oriented
networks for collecting sensor data from expansive farmlands. These systems made it possible to respond better and
faster and demonstrated success in rural areas. Researchers have also looked into sound-based ways to find elephants.
In [7], they listened to elephant sounds using audio sensors to know if they are around. This method was not harmful,
but it did not work well in noisy places because of background sounds. In [8], drone-based watching systems were
tested, which covered a bigger area. But drones needed trained operators, regular fixing, and their battery life made it
hard to watch all the time. Another important thing studied was automatic systems to scare away elephants. When
elephants were detected in [9], systems with sirens, flashing lights, and ultrasonic devices were triggered. When
combined with real-time Al detection, these methods helped reduce crop damage. It was mentioned in [10] that
integrating deterrent, detection, and classification methods into a single smart system improves efficiency and lessens
the need for human involvement.

III. METHODOLOGY

Data Collection:

The primary sources of data collection for elephant detection include Field Surveillance Cameras, Open-Source and
Publicly Available Datasets and Government and Research Databases. The data collection process in this system starts
with cameras placed carefully around farms and residential areas. These cameras stay on all the time, capturing live
videos and pictures, which are then processed instantly using YOLOvVS to detect and identify wild animals, like
elephants. The video data is analyzed to pick out key features such as size, shape, movement, and other unique traits of
the animals. This info is then compared with a pre-trained database of animal models to make sure the identification is
accurate. Every time an animal is spotted, details like the time, location, and type of animal are recorded in a well-
organized database for future use. The system keeps learning and improving by adding new detections to its database,
making future identification even more accurate. With IoT connectivity, the detection data is easily sent to cloud
storage, allowing people to access it remotely, track old events, or even predict animal movements. This approach is
real-time, scalable, and efficient, while reducing the need for human efforts.

In order to build an accurate and efficient elephant detection system, gathering diverse data was of utmost importance.
This was to guarantee the detection system would analytically identify elephants unlike any other, regardless of the
lighting, weather, and other environmental conditions. The data was collected from a few primary sources:

Field Data: Trail cameras were strategically placed within the forests and farmlands of which elephants frequented.
These cameras took thousands of pictures and videos as they received no light based as they captured everything
wildlife related 24/7. They helped with understanding how elephants forage near farms, the times during which they are
active, their movement pattern, etc.

Public Datasets: Furthermore, other datasets comprising of labeled elephant images captured by different wildlife
research institutions were utilized. These datasets came with Labeled images of elephants both individually and in
herds, during the day and night, taking in various angles. The accuracy of the detection system was further improved by
exposing it to a wider range of the appearance of elephants with the help of this added data.

Sensor Data: Smart sensors were added to the system to improve and broaden the detection instrumentation especially
in conditions of poor visibility. These included motion sensors based on passive infrared radiation (PIR) such as limbic
system and thermal sensors for environmental temperature measurement. The sensors were deliberately mounted in the
most vulnerable places-situations where the movement of the elephants is known to be often or previously recorded.
The real time information from these sensors enabled the system to track elephants during night time, heavy rains, and
fogs where normal cameras would not give clear images. These sensors captured the information which was monitored
continually with respect to time which aided in monitoring movements of the elephants and camera validations.

With the help of informed data telemetry, the integrated sensors’ data along with the camera verifications made it
plausible to record the sensor activated elephant movements in areas which were totally remote and had no other traces
of elephant monitoring. Furthermore, by cross correlating sensor data with visual data, the system was able to minimize
the number of misidentifications resulted from smaller creatures, or ecological changes thus increasing the system
reliability and efficiency.

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 10992




© 2025 1JIRCCE | Volume 13, Issue 5, May 2025| DOI:10.15680/1JIRCCE.2025.1305237
WWW. 'jircce_com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

International Journal of Innovative Research in Computer
and Communication Engineering (IJIRCCE)

IJI R CCE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

L ______________________________________________________________________________________________|
Data Preprocessing
Once the sensors and cameras capture data, that data is transferred to an edge computing system, most commonly a
Raspberry Pi, associated with the deployment region. The data from these devices is processed in the device itself
without much reliance on the internet making it simpler for more rural regions. This means any elephants captured can
be located in real time and an alert can be created without delay. The system automates the recognition of elephants in
images captured from the cameras using Al with Convolution Neural Networks (CNN) technology. This task makes
CNNs the most appropriate solution because they have the ability to detect quite a number of different patterns within
the images; the set distinct shapes of elephants is one example. The model was constructed with lots of images of
elephants taken from different sides, light, and environmental bodies. This variety increases the probability of being
captured under many situations in the real world which makes their retrieval easier. To make the model better, data
augmentation with options like flip, rotate, and changing the brightness were performed during training sessions. The
system automatically verifies images taken with readings from motion sensors and thermal sensors to increase precision
in identifying elephants and minimize erroneous alerts. Every detection made along with time stamps and locational
information are stored on the device, and can be uploaded at a later time for further analysis or model tweaking.
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Predicted and actual movement patterns of African elephants were compared using different signal data. (A) Predicted
movement paths generated from linear Weiner filters (gray dots: 500 continuous hours of CoM [center of motion,
explained in Methods] based on filters trained using the prior 500-hour actual movement data and landscape info) were
mostly similar to real movement paths (black dots) during the predicted time when all signal inputs were used for the
filters. In the lower panels (gray dots for predicted paths and black dots for actual paths), filters predicting movement
used only parts of the signal inputs: (B) only past movements; (C) only NDVI (normalized difference vegetation
index); (D) only human-made landscape features; and (E) only permanent water sources. Mean-square error estimates
(MSE) for predicted paths (mentioned above each panel) closely matched the median values shown in Table 1, helping
to understand approximate performance.

Detection and Classification:

These visuals undergo analysis through Convolutional Neural Networks (CNNs) which is a deep learning model
appropriate for object detection. During the detection phase, the system analyzes each image to search for specific
objects. Once an object is identified, a bounding box is drawn around the object, and the image is taken to the next step.
In the classification phase, the Al model scrutinizes the object and attempts to classify the object with the help of stored
data. The model is trained on countless images of elephants taken from different lighting conditions, angles, and
environments to ensure maximum recognition accuracy.

Alert Mechanism and Deterrence System:

When the system detects an elephant through visual sighting and sensor confirmation, its alert mechanism is switched
on immediately. Alerts in real time are dispatched to the local populace and farmers through SMS, mobile applications,
and even automated telephone calls for those who cannot access the internet. This allows individuals to be forewarned
and stay safe while protecting their lives and agricultural resources from damage even in places with very low
connectivity. The system also activates the most effective deterrent devices that chase away and harmfully scare away
elephants automated concurrently with the alerts. Deterrent devices often include loud sirens, LED lights, and at times
even the audio of distressed elephants which is harmful to them but safe to humans and other species. The measures are
permanently placed alongside the borders of farmland and are managed by the system automatically without any
manual adjustments which helps ease employees’ workloads and allow them to act swiftly. The primary aim of this
integrated alertness and deterrent system is both protection of the crops from damage as well as human elephant
conflict on the most basic level. The system automation offers non-stop surveillance and reaction, particularly at night
when most incidents take place between elephants and farms.

System Management, Enhancement, and Results Prediction:

Everything from the sensors to the edge computing devices, relays to the cameras, and even the deterrents have a
stream of constant synchronization and monitoring thanks to the central control unit. The hardware malfunctions
through the help of the health check protocols, and needs rapid technical intervention. Putting all of this together
ensures the whole system remains functional, including the most remote of areas. With time, new data which is
collected from the field is incorporated in technology to improve functionality and performance. Unlike other aids,
remote supportive update enables effortless access to advanced feature and change logistics without requiring face to
face interaction, meaning more saved time and resources. Relays which are integrated into the solar panel are
specifically modified for maximum energy saving and use, meaning secure integration at cloud level leads to data
storage and analysis. Not only does the system offer detection in real time, but it also helps in anticipation of elephants
from further afield by leveraging predictive analytics. These features enable advanced warning signals to be issued to
farmers prior to an invasion so crops can be shielded from destruction. Through the study of patterns such as previous
sighting locations and times of activity, along with weather conditions, the system is able to uncover these behavioral
norms. Learning where and when certain crops are highly susceptible helps in effective resource mobilization and
forward planning. With all these abilities, the system is highly sophisticated and serves with undeniable efficiency in
protection against human elephant conflict.

IV. IMPLEMENTATION
Collection and Annotation of Datasets:
In order to build a smart elephant detection system, the first step was developing algorithms for locating camera traps to

retrieve video and image data of elephants. Doll and Foster captured telemetry videos between 2009 and 2011; in
addition, drones were used internally for to gather footage of elephants in their natural habitats. Other sources include

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 10994




© 2025 1JIRCCE | Volume 13, Issue 5, May 2025| DOI:10.15680/1JIRCCE.2025.1305237
WWW. 'jircce_com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

% k\\ %i International Journal of Innovative Research in Computer
1 ; and Communication Engineering (IJIRCCE)
IJI R ccE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

L ______________________________________________________________________________________________|
publicly available datasets. Lighting and background conditions had to be suitable so that captured images were
comprehensively analyzed. These datasets were collected with as much variance as possible on age, sex, posture,
lighting conditions, and background environments of the elephants. Annotating was performed by using tools like
Labeling and CVAT in which bounding boxes and segmentation masks were utilized to mark video and image files
containing elephants at an instance level. Doing this process with great precision was important to enable the Al model
to detect elephants in the real world because the model had to understand how an elephant looks like in different
environments and conditions.

Model Selection and Architecture:

Different CNN architectures such YOLO (You Only Look Once), Reset and Efficient were tested and depending on
their performance, pre-trained weights were assigned for increasing accuracy alongside speed and efficiency. When
retraining the model, the use of edge devices went hand in hand with the amount of not labeled data. Convoluted layers
with sequential addition of classification layers were employed along for feature detection for the set training
environment of high-performance Multi Graphical Processing Units (GPUs) with Tensor Flow or PyTorch and cloud
computing resources.

Training and Validation:

The training phase was focus on fine-tuning key parameter's, including batch size, learning rate and optimization
techniques like Adam and SGD. To prevents overfitting, strategy's such as data augmentations, dropout layer's and L2
regularization were applied. Validation was carried out using k-fold cross-validation methods, while performances were
measure through precision, recall and the F1 score. A lot of effort was put into minimizing the false positives and false
negatives by changing the decision thresholds and stiffening the dataset to have more difficult examples.

Edge Model Optimization:

For deploying on low powered edge devices such as Raspberry Pi, optimization methods like model quantization and
pruning were used. The model was also converted into light weight formats like TF Lite or ONNX to decrease
computation costs. Such optimization's made it possible for the Al to do image processing in real time without needing
to depend on extensive cloud computations, allowing it for remote deployment.

The Elephant Detection System includes the Sensor and Camera System:

To captures the elephants effectively, camera and sensor placement had to be precisely chosen for optimal placements
of cameras and sensors. Decisions regarding their placement were made around the field of view, environment and
detection distance. Cameras were installed in weatherproof cases in overlap zones to reduce blind spots and protect
them from extreme weather.

System Infrastructure Configuration:

System deliberation depended on site viability testing Wi-Fi, GSM, or LoRa WAN technologies. Field tests were
accomplished to pre-test the best positioning for the antenna. Edge devices were set on automatic alerting for real time
data and were also configured to receive and process data simultaneously. Planning the architecture together with the
sensors ensured that information flow was possible between the core system and the parts.

Sustainability:

In some installation areas, reliable power sources such as electricity are non-existent, so the addition of a battery and
solar panel was added. Power use was controlled by putting sensors and cameras into low power state when no
movement was recorded. Regular checks on the power system were done to make sure there were no outages.

User Training and Feedback:

Farmers and other relevant users were taught how to use the system, including the management of alerts. Surveys and
interviews were conducted to check the level of contentment and identify areas of concerns. The feedback loop helped
provide better responses to user needs.

Maintenance and Troubleshooting:

A routine maintenance protocol was planned to improve the system's life span. Issues found during the experiments like
connectivity losses, sensor failures, and incorrect detection was documented and fixed. Regular revisions to hardware
and software, along with reliability tests, enhanced the systems efficiency and usability.
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VI. CONCLUSION

The smart elephant detection system utilizes IoT and Al technologies to recognize and analyze images and sounds for
the intelligent and efficient mitigation of human-elephant conflicts. IoT devices trigger alerts for humans when
elephants approach specialized regions, enabling communities to mitigate damages in a timely fashion. Along with
modern edge farming methods, there is reduced financial loss, with humans and elephants not being harmed.
Its affordability is a great value to farmers, allowing the smart system to be deployed at a larger scale. The data
collected through Al can also assist long-term monitoring programs to better analyze the movement of elephants.
Advancements could include attaching GPS enabled devices on elephants for better tracking, increasing the coverage
area to monitor more conflict regions, and working alongside government wildlife preservation bodies for effective
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conservation strategies.Integrating the smart elephant detection systems offers farmers the opportunity to optimize their
agricultural activities. It also resolves conflicts between humans and elephants. Adopting these approaches can have a
great significance in ensuring long-term preservation of wildlife and effective protection of the environment.

Declarations:

Use of AI Technology:
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