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Abstract-Bird strikes represent a significant safety concern in the aviation industry, particularly during takeoff and landing
phases when aircraft operate in close proximity to wildlife habitats. These incidents can cause engine damage, structural
impairment, operational delays, and financial losses. Conventional monitoring approaches such as radar-based systems and
manual surveillance are often costly, infrastructure-intensive, and dependent on continuous human supervision, while lacking
contextual intelligence for precise alert generation. This paper proposes an Al-Driven Bird Detection and Alert System that
leverages deep learning and computer vision techniques for real-time monitoring of bird intrusion in restricted airport zones.
The system employs the YOLOV8 object detection model to identify birds from live video feeds and integrates a polygon-based
restricted zone mechanism to trigger alerts only when birds enter predefined high-risk areas. Upon confirmed intrusion, the
system generates an alert, captures annotated snapshots, logs event details, and provides monitoring through a web-based
dashboard. The proposed solution is scalable, cost-effective, and capable of operating efficiently on standard CPU-based
systems, making it suitable for practical deployment in airport environments.
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I. INTRODUCTION

Aviation safety remains a critical priority in global air
transportation systems. Among various environmental
hazards affecting aircraft operations, bird strikes represent
a persistent and serious threat. A bird strike occurs when a
bird collides with an aircraft during flight or ground
operations, particularly during takeoff and landing phases
where aircraft operate at lower altitudes and higher engine
thrust. Such incidents can result in engine damage,
structural impairment, emergency landings, flight delays,
and significant economic losses. In extreme situations, bird
strikes may compromise aircraft integrity and passenger
safety.

Airports commonly employ conventional wildlife
monitoring approaches such as radar-based surveillance,
acoustic deterrent systems, and manual visual inspection
by trained personnel [2]. Although radar systems can
monitor airborne movement across wide areas, they
require expensive infrastructure, continuous calibration,
and specialized operational support [2]. Manual
surveillance methods are labor-intensive and susceptible
to delayed response and human error. Smaller and
medium-sized airports often face financial limitations that
restrict deployment of advanced radar-based solutions,
making wildlife monitoring reactive rather than
preventive.

Despite improvements in aircraft engineering and airport
management systems, wildlife intrusion into operational
areas remains difficult to control. Birds are naturally
attracted to open fields, grasslands, and water bodies

frequently present near airport environments. Their
unpredictable flight behavior increases the likelihood of
sudden aircraft-bird encounters, particularly during
critical flight phases.

Another key limitation of existing monitoring approaches
is the absence of intelligent contextual filtering. Detection
of bird activity alone is insufficient; not every detected bird
poses an immediate operational threat. Alerts generated
without spatial evaluation may lead to unnecessary
runway delays and operational disruptions. Therefore, an
effective system must not only detect bird presence
accurately but also determine whether the detected bird
enters high-risk airport zones before triggering alerts.

Advancements in Artificial Intelligence (AI) and Computer
Vision have enabled the development of automated
realtime object detection systems capable of high-speed
and accurate visual recognition [6]. Architectures such as
YOLO have demonstrated the ability to perform object
localization and classification in a single forward pass,
significantly improving real-time detection efficiency [3].
These technological developments create opportunities for
designing scalable and cost-effective wildlife monitoring
systems for aviation environments.

In this research, an Al-Driven Bird Detection and Alert
System for Aviation Safety is proposed. The system
processes live video streams captured through IP cameras
and applies the YOLOv8 object detection model to identify
bird intrusions in real time [4]. A polygon-based restricted
zone mechanism is incorporated to ensure that alerts are
generated only when detected birds enter critical areas
such as runways and aircraft movement paths. The
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framework further integrates alert notification, snapshot
storage, event logging, and web-based monitoring to
provide a comprehensive intrusion detection solution.

The objective of this work is to develop a lightweight,
automated, and deployable system capable of assisting
airport authorities in minimizing bird strike risks through
intelligent real-time monitoring and contextual alert
generation.

II. LITERATURE SURVEY

Bird strike prevention has been an area of continuous
research in aviation safety and wildlife monitoring
domains. Over the past decade, advancements in computer
vision and deep learning have significantly improved
automated object detection systems, enabling their
application in airport surveillance environments [2].

Early approaches to wildlife detection near airports relied
primarily on radar-based monitoring systems. These
systems detect movement patterns and track airborne
objects across large geographical areas. While radar
technology is capable of wide-area coverage, it suffers from
limitations such as difficulty in distinguishing birds from
other small airborne objects, sensitivity to weather
conditions, and high infrastructure and maintenance costs
[2]. Furthermore, radar systems often require specialized
personnel for monitoring and interpretation.

With the evolution of machine learning techniques,
researchers began exploring vision-based detection
systems using camera feeds. Convolutional Neural
Networks (CNNs) demonstrated significant success in
image classification and object detection tasks [6]. Models
such as R-CNN, Fast R-CNN, and Faster R-CNN introduced
region-based detection mechanisms, improving
localization accuracy. However, these methods were
computationally intensive and not ideal for real-time
applications.

The introduction of the YOLO (You Only Look Once) family
of object detection models marked a major advancement in
real-time detection systems [3]. Unlike region-based
methods, YOLO treats object detection as a single
regression problem, predicting bounding boxes and class
probabilities directly from full images in one forward pass
[3]. This architecture significantly improves detection
speed while maintaining competitive accuracy. Subsequent
versions such as YOLOv3, YOLOv5, and YOLOv8 have
further enhanced detection precision, inference speed, and
scalability [4].

Recent research in airport-specific bird detection has
utilized deep learning models trained on datasets

containing bird images under varying environmental
conditions [1]. Some studies have focused on improving
detection accuracy through attention mechanisms and
multi-scale feature extraction. Others have proposed
improved YOLO-based frameworks specifically designed
for airport perimeter monitoring [5].

However, many existing works primarily concentrate on
detection accuracy and model optimization without
integrating practical deployment components such as alert
systems, restricted zone evaluation, logging mechanisms,
or real-time monitoring dashboards. In real-world airport
operations, detection alone is insufficient; contextual
filtering and immediate alert generation are equally critical
to reduce unnecessary runway disruptions.

The proposed system builds upon the strengths of modern
YOLO-based object detection frameworks while addressing
deployment-level gaps identified in prior research. By
integrating selective bird-class filtering, polygon-based
restricted zone logic, event logging, and a web-based
monitoring dashboard, this work aims to provide a
comprehensive and practically deployable bird intrusion
detection  solution tailored for aviation safety
environments.

III. RESEARCH METHODOLOGY

The proposed Al-Driven Bird Detection and Alert System
follow a structured and modular methodology to ensure
accurate bird detection, contextual evaluation, and real
time alert generation. The methodology is divided into five
major components: (i) analysis of the existing system, (ii)
design of the proposed system, (iii) system workflow, (iv)
restricted zone evaluation logic, and (v) overall system
architecture.

A. EXISTING SYSTEM

Traditional bird monitoring systems used in airport
environments primarily rely on radar-based detection,
manual surveillance, and acoustic deterrent
mechanisms[2].

Radar-based detection systems are commonly deployed to
monitor airborne activity around airports. These systems
track object movement over long distances and provide
approximate spatial location information. While radar
technology supports wide-area surveillance, it presents
several limitations, including high installation and
maintenance costs, dependency on specialized technical
personnel, and difficulty in differentiating birds from other
small airborne objects [2]. Additionally, radar systems lack
contextual awareness at runway level, making it
challenging to determine whether detected birds pose
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immediate operational risks. Due to financial and
operational constraints, radar solutions are not always
feasible for small and medium-sized airports.

Manual surveillance is another conventional approach. In
this method, trained personnel visually monitor runways
and surrounding areas for bird activity. Although this
approach requires minimal technological infrastructure, it
is highly dependent on human observation. It is
laborintensive and susceptible to fatigue, delayed
response, and inconsistent detection accuracy. Moreover,
manual systems are reactive rather than proactive and do
not generate automated real-time alerts.

Airports also employ acoustic deterrent techniques and
wildlife control measures such as sound cannons, bird
repellents, and habitat modification strategies. While these
approaches may reduce bird presence temporarily, they do
not provide continuous monitoring or intelligent intrusion
detection capabilities.

Overall, existing systems exhibit several limitations,
including lack of automation, high operational cost, limited
scalability, and absence of intelligent zone-based alert
filtering. These constraints highlight the necessity for an
automated, Al-driven solution capable of providing real
time contextual monitoring.

B. PROPOSED SYSTEM

To overcome the limitations of conventional systems, the
proposed framework integrates deep learning and
computer vision techniques for automated bird intrusion
detection. Modern deep learning-based object detection
models have demonstrated strong performance in visual
recognition tasks [6]. Architectures such as YOLO perform
object localization and classification simultaneously in a
single forward pass, enabling real-time detection [3].

The proposed system utilizes the YOLOv8 object detection
model for identifying bird presence from live video feeds
[4]. The system filters predictions to retain only the bird
class, thereby reducing irrelevant detections. It evaluates
whether detected birds enter predefined restricted zones
and triggers alerts exclusively during confirmed intrusions.
Additionally, the framework incorporates automated
logging and a web-based dashboard for structured
monitoring. By integrating detection, spatial evaluation,
alert generation, and event recording, the system functions
as a complete intrusion alert mechanism rather than a
standalone detection model.
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C. SYSTEM WORKFLOW

Fig. 1. Overall methodology of the proposed bird intrusion
detection system.

The system workflow consists of sequential processing
stages designed for real-time operation.

Initially, live video streams are captured using an IP camera
or webcam strategically positioned to monitor high-risk
airport areas such as runways and taxiways. The incoming
video feed is segmented into individual frames, which are
resized and formatted according to the input specifications
of the YOLOv8 model [4].

Each frame is processed by the model to generate
bounding box coordinates, class labels, and confidence
scores. Only detections classified as "bird" are retained for
further evaluation. To reduce false positives, a predefined
confidence threshold is applied. Predictions that meet or
exceed the threshold are considered valid, while low
confidence detections are discarded.

Following validation, the system evaluates whether the
detected bird has entered a predefined restricted zone. A
polygonal region is defined within the frame to represent
high-risk operational areas. The centroid of each bounding
box is calculated using the midpoint of the top-left and
bottom-right coordinates. A point-in-polygon algorithm is
then applied to determine whether the centroid lies within
the restricted region. If the centroid falls inside the
polygon, an intrusion is confirmed; otherwise, no alert is
generated. This spatial filtering mechanism significantly
enhances contextual accuracy and reduces unnecessary
warnings.
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Upon confirmed intrusion, the system activates an alert
mechanism. An audible notification is generated in real
time, and the bounding box of the detected bird is visually
highlighted in the video frame. Simultaneously, an
annotated snapshot is captured and stored. Detection
details, including date, timestamp, confidence score, and
snapshot filename, are automatically recorded in a CSV file
to ensure traceability and support post-event analysis.

A Flask-based web application serves as a monitoring
dashboard that displays logged events and captured
images. This interface enables personnel to review
intrusion history efficiently and enhances operational
decision-making. Through this structured methodology,
the proposed system delivers a scalable and intelligent
intrusion detection framework suitable for aviation safety
applications.

IV. IMPLEMENTATION

Fig. 2. System architecture showing live video processing,
restricted zone detection, and alert generation.

IV. IMPLEMENTATION
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A.IMPLEMENTATION OF THE PROPOSED SYSTEM

The AI-Driven Bird Detection and Alert System was
implemented using a modular and scalable software
architecture. The complete pipeline integrates real-time
video processing, deep learning-based object detection,
spatial zone evaluation, automated alert generation,
structured logging, and web-based visualization. Rather
than functioning as a standalone object detection model,
the system was designed as a comprehensive intrusion
monitoring framework tailored for aviation safety
applications.

B. DEVELOPMENT ENVIRONMENT

The system was developed using Python due to its
extensive ecosystem for deep learning and computer vision
applications. The implementation utilized the Ultralytics
YOLOv8 framework for object detection [4], OpenCV for
video stream processing, NumPy for numerical operations,

and Flask for web-based dashboard development. CSV file
handling was implemented for structured event logging.

From a hardware perspective, the system was executed on
a standard laptop environment without dependency on
high-end GPU infrastructure. The model demonstrated
stable performance even in a CPU-based setup,
highlighting feasibility for deployment in cost-sensitive
airport environments.

C. DATASET UTILIZATION

During development and validation, a bird image dataset
obtained from Kaggle was used to evaluate detection
performance. The dataset included bird images captured
under varied lighting conditions, multiple postures, and
diverse background environments. Although YOLOvS8 is
pre-trained on large-scale datasets such as COCO [4], the
Kaggle dataset was utilized to validate real-world detection
behaviour and ensure consistent bird-class identification
under environmental variations.

D. YOLOV8 MODEL CONFIGURATION

The system employs YOLOv8 (You Only Look Once -
Version 8), a single-stage object detection model known for
high-speed and accurate object recognition [4]. Unlike
traditional region-based detection frameworks, YOLO
performs object localization and classification in a unified
detection pipeline through a single forward pass of the
neural network [3]. This architecture enables efficient real-
time processing.

The architecture of YOLOv8 consists of three primary
components: (1) Backbone Network - responsible for
extracting hierarchical spatial features from the input
image; (2) Neck Module - performs multi-scale feature
aggregation to improve detection of objects of varying
sizes; (3) Detection Head - predicts bounding box
coordinates, objectless scores, and class probabilities. This
design is derived from convolutional neural network
(CNN) foundations widely adopted in modern computer
vision models [6].

To optimize detection relevance, only predictions
belonging to the "bird" class were retained. A predefined
confidence threshold was applied to filter low-confidence
outputs. Detections meeting or exceeding the threshold
were considered valid, while others were discarded. This
filtering mechanism significantly reduced false positives
and enhanced system reliability.

E. REAL-TIME DETECTION PIPELINE

The real-time detection pipeline operates continuously on
a frame-by-frame basis. Initially, live video streams are
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captured using OpenCV. The video feed is segmented into
frames, and each frame is resized according to the YOLOv8
input specifications [4]. The processed frame is passed
through the model to obtain bounding box coordinates,
class labels, and confidence scores.

Subsequently, detections are filtered to retain only
birdclass predictions, followed by confidence threshold
evaluation. Valid detections are forwarded to the restricted
zone evaluation stage. This structured sequential
processing ensures continuous monitoring with minimal
latency, making the system suitable for real-time airport
surveillance.

F. RESTRICTED ZONE EVALUATION ALGORITHM

To introduce contextual intelligence, a polygon-based
restricted zone was defined within the camera frame to
represent high-risk airport areas such as runways,
taxiways, and aircraft movement paths.

For each validated detection, the centroid of the bounding
box is computed using the midpoint formula: Cx = (x1 + x2)
/ 2, Cy = (y1 + y2) / 2. The centroid is evaluated using a
point-in-polygon algorithm to determine whether it lies
inside the predefined restricted zone. If the centroid falls
within the polygon, the event is classified as an intrusion
and an alert is triggered. If it lies outside the zone, no alert
is generated. This spatial filtering mechanism enhances
contextual accuracy and prevents unnecessary alarm
activation.

G. ALERT AND LOGGING MECHANISM

Upon confirmed intrusion, the system activates an audible
alert to notify monitoring personnel in real time. The
detected bird's bounding box is highlighted within the
video frame, and an annotated snapshot is captured and
stored locally.

Additionally, structured records of each intrusion event are
automatically logged in a CSV file. Logged information
includes date, time, confidence score, and snapshot
filename. This logging mechanism ensures traceability and
supports long-term analysis of bird activity trends.

H. WEB DASHBOARD INTEGRATION

A Flask-based web dashboard was developed to improve
usability and monitoring efficiency. The dashboard
displays recent intrusion events, provides snapshot
visualization, and allows structured viewing of logged
data. This interface enables airport personnel to monitor
bird activity in real time without direct interaction with
backend system components.

Al Bird Detection - Live Stream

Fig. 3. Live monitoring dashboard showing real-time bird
detection, bounding box visualization.

V. RESULTS AND DISCUSSION

The performance of the proposed Al-Driven Bird Detection
and Alert System was evaluated through realtime testing
using live camera feeds and recorded video samples
containing bird movement under varied environmental
conditions. Since the system was designed primarily as a
practical deployment framework rather than a benchmark-
based evaluation model, the assessment focused on
qualitative  performance, detection stability, alert
responsiveness, and operational feasibility.

A. DETECTION PERFORMANCE

The YOLOv8-based detection module [4] successfully
identified bird objects across diverse backgrounds, lighting
conditions, and varying distances from the camera. The
model demonstrated the ability to: (i) detect single birds
within the frame; (ii) identify multiple birds
simultaneously; (iii) maintain consistent detection across
consecutive frames; (iv) filter non-bird objects effectively
through class selection.

The application of a predefined confidence threshold
ensured that low-probability detections were discarded,
thereby reducing false alarms caused by uncertain
predictions. Observations indicated that increasing the
confidence threshold improved detection reliability,
whereas lower threshold values enhanced sensitivity but
slightly increased the likelihood of false positives.

B. RESTRICTED ZONE INTRUSION ACCURACY

The polygon-based restricted zone mechanism significantly
improved contextual accuracy. Rather than generating
alerts for every detected bird, the system evaluated
whether the centroid of the detected bounding box fell
within a predefined high-risk operational region.

This mechanism resulted in: (i) reduction of unnecessary
alerts; (ii) improved operational efficiency; (iii)
contextaware intrusion detection. Testing confirmed that
birds detected outside the restricted zone did not trigger
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alerts, even if clearly visible in the frame. Alerts were
activated only when the centroid entered the polygon
boundary. This spatial filtering approach demonstrates
practical suitability for runway-level monitoring scenarios.

C. ALERT RESPONSIVENESS

The system generated alerts with minimal observable
delay between detection and notification. The real-time
pipeline ensured that: (i) frame processing occurred
continuously; (ii) the alert sound was triggered
immediately upon confirmed intrusion; (iii) snapshot
capture did not interrupt ongoing video processing.

During extended testing sessions, the system maintained
stable responsiveness without noticeable lag, confirming
reliability in

continuous monitoring environments.

Fig. 4. Sample detection results showing bird identification
inside predefined restricted zones with bounding box and
confidence score visualization.

D. LOGGING AND MONITORING EFFECTIVENESS

Each intrusion event was automatically recorded in a
structured CSV file containing: (i) Date; (ii) Timestamp;
(iii) Confidence score; (iv) Snapshot reference. This
structured logging mechanism enables traceability and
supports historical analysis of bird activity patterns. The
integrated Flask-based dashboard provided real-time
visualization of recent detections and facilitated efficient
review of stored intrusion events.

E. SYSTEM EFFICIENCY

The implementation operated efficiently on a CPU-based
system without requiring GPU acceleration. This
demonstrates that the system is lightweight and suitable
for deployment in environments where high-performance
computing infrastructure is unavailable.

Frame processing remained stable during testing, and the
system maintained uninterrupted operation without
crashes or memory overflow issues.

F. OBSERVED LIMITATIONS DURING TESTING

Although the system performed reliably under standard
conditions, certain environmental factors influenced
detection sensitivity: (i) extremely low-light environments
reduced detection confidence; (ii) very distant or partially
occluded birds occasionally produced lower confidence
scores; (iii) rapid motion blur in fast-moving birds slightly
affected bounding box precision.

These limitations are common in vision-based detection
systems and may be addressed in future work through
model fine-tuning, improved camera positioning, or
multicamera deployment strategies.

Overall, the experimental evaluation demonstrates that the
proposed framework effectively integrates real-time bird
detection, contextual intrusion filtering, alert generation,
and structured logging into a cohesive and deployable
solution for aviation safety monitoring.

VI. ADVANTAGES AND APPLICATIONS

The proposed Al-Driven Bird Detection and Alert System
provides several operational and technical advantages
when compared to conventional wildlife monitoring
approaches. These advantages enhance its suitability for
aviation safety applications and extend its usability to
other surveillance domains.

A. ADVANTAGES

1. Automation of Bird Monitoring: The system
eliminates continuous dependence on manual
surveillance. Once deployed, it operates
autonomously by processing live video feeds and
detecting intrusions without constant human
intervention. This reduces operational workload
and improves response efficiency in airport
environments.

2. Cost-Effective Deployment: Unlike radar-based
detection systems that require expensive
infrastructure and maintenance [2], the proposed
system relies on standard IP cameras, a CPU-based

processing unit, and open-source software
frameworks. This significantly lowers
implementation costs, making the solution
suitable for small and medium-sized airports with
limited budgets.

3. Real-Time Intrusion Detection: The integration of
the YOLOvV8 object detection model [4] enables

© 2026, IRJET | ImpactFactor value: 8.315

ISO 9001:2008 Certified Journal | Page 646



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 05 | May 2026

www.irjet.net

p-ISSN: 2395-0072

real-time object recognition with minimal latency.
Alerts are generated immediately upon confirmed

zone intrusion, allowing faster operational
response and improved runway  safety
management.

4. Context-Aware Alert Filtering: The polygon-based
restricted zone mechanism ensures that alerts are
generated only when birds enter predefined high-
risk areas. Birds detected outside these zones do
not trigger warnings, thereby reducing
unnecessary  operational  disruptions  and
improving decision-making accuracy.

5. Lightweight and Scalable Architecture: The
modular architecture of the system allows
scalability through integration of multiple
cameras, expansion of restricted zone definitions,
and deployment across additional monitoring
areas. The framework can be upgraded without
redesigning the entire system, ensuring flexibility
for future expansion.

6. Event Logging and Traceability: The automated
logging mechanism records intrusion events with
timestamps and confidence scores. This supports
historical data analysis, incident documentation,
and pattern tracking of bird activity over time.

B. APPLICATIONS

Although primarily designed for aviation safety, the
proposed framework can be adapted to various other
domains: (1) Airport Runway Monitoring - continuous
monitoring of bird activity in runways, taxiways, and
aircraft movement zones; (2) Industrial Restricted Zones -
detection of wildlife intrusion in hazardous industrial
areas such as power plants, oil refineries, and construction
sites; (3) Wildlife Conservation Monitoring - tracking bird
movement patterns in conservation regions for ecological
research and data analysis; (4) Perimeter Security
Surveillance - integration with existing CCTV infrastructure
to monitor restricted boundaries and sensitive facilities.

The adaptability and modular design of the proposed
system make it a versatile solution that extends beyond
aviation-specific monitoring applications.

VII. LIMITATIONS

While the proposed Al-Driven Bird Detection and Alert
System demonstrate reliable real-time detection and
contextual alert generation, certain limitations were
observed  during implementation and  testing.
Acknowledging these limitations is important for
transparency and future enhancement of the system.

A. DEPENDENCE ON CAMERA QUALITY

The detection accuracy of the system is directly influenced
by camera-related factors, including camera resolution,
frame rate, lens clarity, and viewing angle. Low-resolution
or improperly positioned cameras may reduce detection
precision, particularly when identifying small or distant
birds.

B. LIGHTING SENSITIVITY

As a vision-based detection framework, system
performance may degrade under challenging lighting
conditions such as low-light environments, night-time
monitoring scenarios, and extreme glare or shadow effects.
Although the YOLOv8 model [4] performs robustly under
standard lighting conditions, extreme illumination
variations may reduce confidence scores and affect
bounding box accuracy.

C. LIMITED QUANTITATIVE BENCHMARKING

The current implementation focuses primarily on practical
deployment and qualitative evaluation rather than
benchmark-level statistical validation. Formal quantitative
performance metrics such as Mean Average Precision
(mAP), Precision and Recall, and F1l-score were not
extensively computed. Future research may incorporate
structured dataset evaluation to provide comprehensive
statistical validation of detection performance.

D. PRE-TRAINED MODEL DEPENDENCY

The system utilizes a pre-trained YOLOv8 model [4]
instead of a fully customized or airport-specific fine-tuned
model. While this approach ensures ease of
implementation and deployment stability, it may not be
optimized for bird species specific to certain geographic
regions or extremely small-scale or distant bird objects.
Fine-tuning the model using airport-specific datasets could
further enhance detection precision

and adaptability.

E. ENVIRONMENTAL VARIABILITY

Environmental factors such as heavy rain, fog, motion blur,
and background clutter may affect detection consistency.
These conditions introduce visual noise and reduce image
clarity, potentially lowering detection confidence.
Multicamera deployment or  integration with
complementary sensing technologies could mitigate such
limitations.

remains
intrusion

Despite  these constraints, the system
operationally effective for real-time bird
monitoring in controlled airport environments.
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VIII. CONCLUSION

Bird strikes remain a critical operational and safety
concern in the aviation industry, particularly during take-
off and landing phases where aircraft operate in proximity
to wildlife habitats. Conventional monitoring approaches,
including radar-based systems and manual surveillance,
are often expensive, infrastructure-intensive, and limited in
scalability. These challenges emphasize the need for an
intelligent and cost-effective automated monitoring
framework.

This research presented an Al-Driven Bird Detection and
Alert System for Aviation Safety that utilizes deep learning
and computer vision techniques for real-time intrusion
monitoring. The system integrates the YOLOv8 object
detection model [4] with selective bird-class filtering and a
polygon-based restricted zone mechanism to generate
context-aware alerts. Unlike traditional detection-only
systems, the proposed framework combines intrusion
evaluation, automated alert triggering, snapshot capture,
structured event logging, and dashboard visualization
within a unified architecture.

Experimental observations demonstrated reliable bird
detection performance across varied environmental
conditions. The application of a confidence threshold
reduced false detections, while the restricted zone
evaluation logic ensured that alerts were triggered only
when birds entered critical operational areas. The system
operated efficiently in a CPU-based environment,
confirming feasibility for deployment in small and
medium-sized airports without dependence on high-cost
radar infrastructure.

Overall, the proposed solution provides a scalable,
lightweight, and practically deployable monitoring
framework that enhances aviation safety through
continuous real-time detection and intelligent alert
generation. By integrating detection accuracy with spatial
contextual awareness, the system contributes toward
minimizing bird strike risks and improving operational
reliability in airport environments.

IX. FUTURE WORK

Although the proposed Al-Driven Bird Detection and Alert
System demonstrates reliable real-time monitoring
capability, several enhancements can be incorporated to
further improve system performance, scalability, and
deployment efficiency.

One important direction for future research involves
finetuning the YOLOv8 model [4] using airport-specific
bird datasets. Training or adapting the model with region-

specific bird images could enhance detection accuracy for
species commonly found near particular airports. This
improvement would be especially beneficial for identifying
small-sized or distant birds under complex environmental
conditions.

Another enhancement includes multi-camera integration.
Deploying multiple synchronized cameras across runway
and taxiway areas would expand spatial coverage and
minimize blind spots. A centralized monitoring server
could aggregate detection outputs from multiple feeds to
provide comprehensive surveillance.

The integration of a database-based logging system can
further improve data management. Instead of storing
intrusion records in CSV format, structured database
solutions such as MySQL or PostgreSQL could support
advanced querying, long-term storage, and analytical
reporting of bird activity trends.

Future implementations may also incorporate cloud-based
deployment for centralized monitoring across multiple
airport locations. Cloud-enabled dashboards would allow
aviation authorities to remotely monitor wildlife activity
and generate analytical reports from aggregated datasets.

To enhance night-time monitoring capability, integration of
thermal or infrared imaging systems can be explored.
Thermal cameras would improve detection performance
under low-light conditions where conventional RGB
cameras face limitations.

Additionally, integration of automated notification
mechanisms such as SMS, email, or mobile alerts could
improve operational responsiveness by notifying
personnel immediately upon confirmed intrusion events.

Finally, incorporating predictive analytics through
timeseries modeling or machine learning techniques may
enable identification of peak bird activity periods. Such
predictive insights could assist airport authorities in
implementing proactive wildlife management strategies.

By incorporating these enhancements, the proposed
framework can evolve from a real-time detection system
into a comprehensive and intelligent wildlife risk
management solution for aviation safety.
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