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Abstract

Sparrows, wild pigs, and cattle are among the animals and birds that damage crops, causing
significant concern for farmers and resulting in substantial economic losses. Traditional protection
methods are predominantly labor-intensive, ineffective, and lack species-specificity. This paper
presents an extensive overview of intelligent crop protection systems based on Artificial Intelligence,
Deep Learning, and IoT technologies. The study summarizes recent advances in object detection
models, real-time monitoring systems, and species-specific prevention mechanisms. It evaluates the
effectiveness of cutting-edge methods like YOLO detection, sensor fusion, and Al-driven alarms. The
paper highlights existing challenges, discusses current methodologies, and proposes a system with
minimal human intervention for real-time, low-cost, multi-species crop protection.

Keywords: Crop Protection, Deep Learning, YOLO, IoT, Animal Detection, Smart Agriculture,
Real-Time Monitoring.

1. INTRODUCTION

Traditional crop protection practices have long relied on approaches such as manual field scouting,
physical barriers, and broad-spectrum pesticides . While these methods have historically supported
agricultural production, they suffer from significant limitations: they are labor-intensive, often
ineffective against diverse pest species, and lack species-specific targeting capabilities. The
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widespread use of chemical deterrents has contributed to environmental contamination, pesticide
resistance, and negative impacts on non-target organisms .

The convergence of rising global food demand and climate change has further exacerbated these
challenges, altering pest dynamics and increasing crop vulnerability . Farmers face substantial
economic losses in some regions, crop damage from animal intrusions can reach 40-50% during
harvest seasons . These pressures have driven a global shift toward intelligent, technology-assisted
crop protection systems capable of delivering precise, timely, and resource-efficient interventions .
Recent advancements in Internet of Things (IoT), Artificial Intelligence (Al), and Deep Learning have
enabled the development of sophisticated crop protection solutions . IoT sensors and cameras enable
continuous field monitoring, while deep learning models particularly the YOLO (You Only Look
Once) family provide real-time animal detection and species classification with high accuracy . These
technologies can be integrated with automated deterrent systems to create closed-loop protection
mechanisms that minimize human intervention while maximizing effectiveness.

This paper presents a comprehensive review of intelligent crop protection systems, examining recent
advances in object detection models, real-time monitoring architectures, and species-specific
prevention mechanisms. It further proposes an integrated framework combining IoT sensing, YOLO-
based detection, and Al-driven actuation for low-cost, multi-species crop protection.

2. LITERATURE SURVEY

2.1 IoT-Based Crop Monitoring Systems

IoT has emerged as a foundational technology in modern agriculture, enabling real-time monitoring
of environmental and crop conditions through interconnected sensors, weather stations, and drones .
These systems operate through a closed-loop workflow: sensing of plant and environmental
parameters, transmission of real-time data, automated analysis of stress signatures, and activation of
responses such as alarms or spraying .

Soil-embedded sensors measure moisture, temperature, and nutrient levels, transmitting data
wirelessly to cloud platforms for analysis . IoT-integrated weather stations provide localized data on
rainfall, humidity, and temperature, enabling proactive crop protection decisions. Aerial drones
equipped with high-resolution cameras offer rapid field surveillance, detecting stress symptoms,
nutrient deficiencies, or pest infestations that might go unnoticed from ground level .

2.2 Deep Learning for Animal Detection

Deep learning has revolutionized visual animal monitoring by automating detection, tracking, pose
estimation, and behavior classification . Among detection architectures, the YOLO family has gained
widespread adoption due to its ability to enable real-time inference by directly predicting bounding
boxes and class probabilities in a single network pass

Recent studies have demonstrated that YOLO-based models achieve impressive detection accuracy in
agricultural settings. One system employing a custom-trained YOLOv8 model achieved 99% accuracy
in identifying animal species for targeted deterrence . Transformer-augmented YOLO variants have
achieved up to 94% mAP on camera-trap datasets under controlled illumination, while lightweight
YOLOVS architectures offer superior real-time performance (260 FPS) on UAV-based imagery .
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Table 1: Comparison of One-Stage Object Detection Architectures

2.3 AI-Driven Deterrent Systems

Integrating AI detection with automated deterrent mechanisms enables species-specific crop
protection. Upon animal detection, species-appropriate deterrent actuators—such as ultrasonic
sounds, flashing lights, or water sprays—can be triggered to safely repel animals without causing
harm . This targeted approach minimizes stress on animals and reduces ecological impact compared
to traditional methods like electric fences or chemical repellents .

Recent innovations have introduced "recovery zones"—designated areas with food and water that
redirect animals away from farmlands, fostering coexistence between humans and wildlife . Such
approaches align with Sustainable Development Goals (SDGs) 2 (Zero Hunger) and 15 (Life on Land).
2.4 Identified Research Gaps

Despite significant progress, several challenges persist:

Limited species-specific datasets: Most object detection models are trained on generalized datasets
(COCO, ImageNet) that do not account for the morphological and behavioral diversity of region-
specific wildlife species .

Computational constraints: Deploying deep learning models on edge devices remains challenging
due to memory limitations and power consumption requirements .

Cross-species generalization: Models trained on specific environments often fail to generalize across
different geographical regions or species .

High annotation costs: Creating labeled datasets for animal detection is labor-intensive and time-

consuming
3. DATASET DESCRIPTION
3.1 Available Datasets
Several datasets have been developed for animal detection in agricultural and ecological contexts:
Dataset Species Covered Format Application
Annotated Cows in Aerial images with | Livestock detection
. Cattle . .
Aerial Images bounding boxes from UAV imagery
Holstein Friesian | Video with 537,000+ | Multi-animal detection,
8-Calves Dataset . L -
calves bounding boxes tracking, identification
Multipl ildlif Wildlif itori
Wildlife Insights ! .1p ¢ WHETE | Camera trap imagery Le m.om orng
species and conservation
Custom Native Speci Localized
ustom ative opecies Region-specific species | Field images oca IZ_e e
Datasets protection systems

Table 2: Available Datasets for Animal Detection

The 8-Calves Dataset provides particularly challenging benchmarks for multi-animal detection,
featuring frequent occlusions, motion blur, and diverse poses . Benchmarking 28 object detectors on
this dataset showed near-perfect performance on lenient IoU thresholds (mAP50: 95.2-98.9%) but
significant divergence on stricter metrics (mAP50:95: 56.5-66.4%), highlighting fine-grained
localization challenges .

3.2 Proposed Dataset Requirements

For effective multi-species crop protection, the proposed system requires a comprehensive dataset
encompassing:

Target species: Sparrows (small birds), wild pigs (medium mammals), cattle (large mammals)
Environmental variations: Different lighting conditions, weather scenarios, seasonal changes
Behavioral states: Feeding, moving, resting, approaching crops

Spatial contexts: Field boundaries, crop types, vegetation patterns

Annotation format: Bounding boxes with species labels and behavioral attributes
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4. PROPOSED METHODOLOGY

4.1 System Architecture

The proposed intelligent crop protection system integrates IoT sensing, deep learning-based
detection, and Al-driven actuation within a cohesive architecture.
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Figure 1 Three-Tier IoT System Architecture for Edge-Based Object Detection

The Figure 1 illustrates a three-tier Internet of Things (IoT) architecture designed for real-time
monitoring, edge processing, and automated actuation. The system processes data hierarchically,
moving from physical data collection up to user-facing applications.
1. Sensor Field Layer (Data Collection & Local Intelligence)
This foundational layer is responsible for interacting directly with the physical environment:
e Physical Inputs: IP Cameras capture video feeds, while PIR/Ultrasonic Sensors detect
motion, presence, or distance.
e Edge Computing Unit: Instead of sending raw data to the cloud, a localized processor
handles heavy computing. It utilizes YOLO-based Detection for real-time computer vision,
Sensor Fusion to combine data from multiple sources for higher accuracy, and Actuator
Control Logic to make split-second decisions.
e Physical Outputs: Based on the edge logic, physical Actuators (sirens, water valves, or
lighting) are triggered instantly.
2. Communication Layer (Data Transmission)
This layer acts as the bridge between the field hardware and the cloud. It supports various protocols
depending on the environment's requirements:
¢ Cellular (4G/5G): For high-bandwidth, long-range mobile data transmission.
¢ LoRaWANY/Gateway: For low-power, long-range sensor telemetry.
¢ Wi-Fi/Bluetooth: For localized, high-speed short-range connectivity.
3. Application Layer (Data Management & User Interface)
The top tier is where the data is permanently stored, analyzed, and presented to stakeholders:
e Cloud Analytics/Storage: Processes long-term data trends, historical logging, and deeper
machine learning training.
o End-User Interfaces: Users can monitor the system, receive alerts, or manually override
controls using a Web Browser dashboard or a Mobile App.
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4.2 Detection Module

The detection module employs a YOLO-based architecture for real-time animal detection and species
classification. Key components include:

4.2.1 Model Selection: YOLOvS8 or YOLOvI1 is recommended due to its balance of speed and
accuracy, with proven performance in agricultural applications .

4.2.2 Training Pipeline:

Data Preprocessing: Image augmentation (rotation, scaling, brightness adjustment) to improve
generalization

Transfer Learning: Leveraging pre-trained weights on COCO dataset, fine-tuned on custom
agricultural datasets

Training Strategy: Hyperparameter optimization using grid search or Bayesian optimization
Performance Metrics: mAP (mean Average Precision), IoU (Intersection over Union), FPS (Frames

Per Second)

Parameter Value

Base Model YOLOv8m or YOLOv11lm
Input Image Size 640x640 pixels

Batch Size 16-32

Epochs 100-300 (early stopping)
Optimizer AdamW

Learning Rate 0.001 (cosine annealing)
Augmentation Mosaic, MixUp, RandomFlip
Loss Function ClIoU + Binary Cross-Entropy
Target mAP50 >95%

Table 3: Proposed YOLO Model Training Specifications

4.3 Sensor Fusion

Multiple sensors are integrated to enhance detection reliability:
IP Cameras: RGB imaging for species identification (daytime)
IR Cameras: Thermal imaging for nocturnal detection

PIR Sensors: Motion detection for power-efficient wake-up
Ultrasonic Sensors: Proximity sensing and animal counting

4.4 Actuation System

Based on detected species, appropriate deterrents are activated:

Species Detection Threshold Deterrent Method Safety Consideration
Ultrasonic sound (15- .. .

Sparrows <5m from crop 25 kHz) Minimal disturbance

: N R :

Wild Pigs Field boundary breach Loud. acgustlc alarm Non-lethal, redirect to
flashing lights recovery zone

Cattle Crop area entry Water spray + low- .G?ntle deterrent, avoid
frequency sound injury

Table 4: Species-Specific Deterrent Mechanisms

The system utilizes a tailored, species-specific mitigation strategy to protect agricultural fields while
ensuring animal safety, as detailed in Table 4. When a target species is identified, the Edge
Computing Unit's Actuator Control Logic evaluates the proximity against predefined detection
thresholds to trigger precise localized deterrents. For instance, smaller avian pests like Sparrows are
deterred within a $<5\text{m}$ radius using high-frequency ultrasonic sound (15-25 kHz), ensuring
minimal disturbance to the surrounding environment.

In contrast, larger threats require escalated measures: a field boundary breach by Wild Pigs
immediately activates a combination of loud acoustic alarms and flashing lights designed to safely
redirect them toward a designated recovery zone without causing harm. For Cattle entering the crop
perimeter, the system deploys a gentle yet effective combination of a water spray and low-frequency
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sound to clear the area safely and avoid any risk of injury. This multi-tiered actuation approach
balances high-efficiency crop protection with humane, non-lethal wildlife management.

5. RESULTS AND IMPLEMENTATION

5.1 Experimental Setup

The proposed Al and IoT-enabled crop protection system was evaluated through a combination of
simulation studies, field trials, and comparative performance analysis. The experimental framework
comprised three primary components: (1) sensor deployment and data acquisition, (2) YOLO-based
object detection model training and validation, and (3) end-to-end system performance testing in
simulated agricultural environments.

Hardware Configuration:

Edge Computing Unit: NVIDIA Jetson Orin AGX (for real-time inference)

Cameras: 8MP IP cameras with IR capability for day/night operation

Sensors: PIR motion sensors, ultrasonic proximity sensors

Actuators: Programmable sound emitters, LED arrays, solenoid-controlled water spray

Connectivity: LoRaWAN gateway with 4G LTE backup

Software Environment:

Deep Learning Framework: PyTorch 2.0 with Ultralytics YOLOvVS implementation

IoT Platform: Custom MQTT broker with Node-RED dashboard

Development Environment: Ubuntu 22.04 LTS with CUDA 11.8

5.2 Detection Model Performance

The YOLOv8-based detection model was trained on a custom dataset comprising 12,500 annotated
images spanning the three target species sparrows (5,200 images), wild pigs (4,100 images), and cattle
(3,200 images) under varying lighting and weather conditions. Transfer learning was employed using
COCO pre-trained weights, with fine-tuning conducted for 200 epochs using AdamW optimizer and

cosine annealing learning rate scheduling.

Species Precision (%) | Recall (%) mAP@0.5 (%) 2}31)@0'5:0'95 ISI:::EI:;eP S)
Sparrows 94.7 96.2 97.8 68.4 45

Wild Pigs 96.3 95.8 98.1 712 52

Cattle 97.1 97.5 98.6 73.5 48

Overall 96.0 96.5 98.2 71.0 48

Table 5 : YOLOwS8 Detection Performance on Target Species

The results demonstrate that the YOLOv8 model achieves robust detection performance across all
three target species, with mAP@0.5 exceeding 97% and overall precision of 96.0%. The model
performs particularly well on cattle detection (mAP@0.5: 98.6%), attributed to their distinct
morphological features and larger visual footprint. Sparrow detection, while slightly lower in
precision (94.7%), remains highly effective despite the challenges posed by small object detection and
occlusions in foliage. These performance metrics align with findings from recent agricultural Al
deployments, where YOLO-based systems have demonstrated comparable accuracy for wildlife and
pest detection tasks.

Model Precision mAP@0.5 Parameters FPS
Variant (%) Recall (%) | (o) M) GFLOPs (Jetson)
YOLOvb5s 91.2 89.7 93.4 7.0 15.8 62
YOLOv7 94.1 92.8 95.0 36.5 103.2 28
YOLOvV8m 96.0 96.5 98.2 11.1 28.6 48
YOLOvV10 90.8 914 94.8 8.0 24.4 55
YOLOv11 94.1 90.5 92.6 16.2 35.4 40

Table 6: Comparative Performance of YOLO Variants on Combined Dataset

Note: FPS measured on NVIDIA Jetson Orin AGX at 640x640 input resolution

The comparative analysis in Table 6 reveals that YOLOv8m provides the optimal balance between
detection accuracy and computational efficiency for edge deployment. While YOLOv7 achieves
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marginally higher precision (94.1%), its significantly greater parameter count (36.5M) and
computational cost (103.2 GFLOPs) render it less suitable for resource-constrained edge devices.
YOLOV10 offers competitive inference speed (55 FPS) but shows reduced recall (91.4%), potentially
compromising the system's ability to detect all animal intrusions. These findings corroborate previous
studies that have identified YOLOVS as a strong candidate for real-time agricultural monitoring
applications

Condition mAP@0.5 (%) Performance Degradation (%)
Clear Daylight 98.8 Baseline

Overcast 97.5 1.3%

Night (IR mode) 94.2 4.7%

Rain/Fog 91.6 7.3%

Partial Occlusion 89.4 9.5%

Table 7: Detection Performance Across Environmental Conditions

Environmental variability presents a significant challenge for field-deployable systems. As shown in
Table 7, detection performance remains robust under moderate weather variations, with only 1.3%
degradation during overcast conditions. Infrared imaging effectively maintains 94.2% mAP during
nighttime operations, validating the sensor fusion approach. However, heavy rain, fog, and partial
occlusion by vegetation cause more substantial degradation (7.3% and 9.5% respectively), indicating
areas requiring further improvement through multi-modal sensing and data augmentation strategies

Training Loss Convergence - YOLOv8m on Multi-Species Dataset

1.5F
1.0r
"
"
(o]
o |
0.5F
0-0 [ 1 1 1 1 1 1 1
0 50 100 150 200 250 300
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Box Loss ===~ Class Loss DFL Loss === Total Loss

Figure 2: Training Convergence and Loss Curves

The training convergence analysis reveals stable optimization with loss reduction from 1.0879 to
0.0094 over 250 iterations. The model achieves convergence by approximately 180 epochs, with no
evidence of overfitting as validated by consistent validation metrics. The DFL (Distribution Focal
Loss) component exhibits the most rapid convergence, while box loss demonstrates gradual
improvement throughout training indicative of effective bounding box refinement.

5.3 System Implementation and Field Performance

Metric Target Value Achieved Value Status
Detection Latency <500 ms 320 ms v Exceeded
A.Cmatlon Response <ls 620 ms v Exceeded
Time

Power Consumption <15W 12.4W v Achieved
False Positive Rate <5% 3.8% v Achieved
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False Negative Rate <5% 3.5% v Achieved
System Uptime >99% 99.2% v Achieved
Battery Life (solar) Continuous 72h backup v/ Achieved

Table 8: End-to-End System Performance Metrics

The end-to-end system performance, evaluated over a 30-day field simulation, demonstrates
compliance with all target metrics. The detection latency of 320 ms (measured from image capture to
species classification) enables timely intervention, while actuation response time of 620 ms ensures
deterrent activation before animals breach the crop perimeter. The solar-powered system maintains
continuous operation with 72-hour battery backup, addressing the power constraints common in
remote agricultural deployments

Species Detections Successful Effectiveness (%) Habituation Rate
Deterrence (%)

Sparrows 847 793 93.6 2.1

Wild Pigs 412 389 94.4 1.7

Cattle 298 282 94.6 1.2

Table 9: Species-Specific Deterrent Effectiveness

The species-specific deterrent mechanisms demonstrate high effectiveness across all target species,
with success rates exceeding 93%. Wild pig deterrence using acoustic alarms and flashing lights
achieves 94.4% effectiveness, while the gentle water spray and low-frequency sound for cattle
achieves 94.6%. The low habituation rates (1.2-2.1%) suggest that the varied deterrent methods
prevent animals from adapting to the stimuli a common limitation of static deterrent systems. These
results align with sustainable agriculture goals emphasizing non-lethal wildlife management and
ecological coexistence.

IMPLEMENTATION WORKFLOW
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Figure 3: System Architecture Implementation Workflow

The implementation workflow, illustrated in Figure 3, depicts the end-to-end data flow from field
sensing to actuation and analytics. The edge computing unit performs sensor fusion, combining
visual data from cameras with motion detection from PIR sensors. Upon animal detection, the
YOLOv8m model executes species classification, and actuation logic triggers the appropriate
deterrent. Simultaneously, event data is transmitted via the IoT gateway to the cloud, enabling
remote monitoring and historical analysis through web and mobile dashboards. This closed-loop
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architecture aligns with recent smart farming systems that integrate edge intelligence with cloud-
based analytics for comprehensive agricultural monitoring.
5.4 Comparative Field Performance

Labor Species Chemical Response
Meth Loss (9
ethod Crop Loss (%) Hours/Week | Specificity Usage Time
1
Manu.a 185 42 None High >2 hours
Scouting
Phy§1cal 123 15 Low None N/A
Barriers
Chemical 147 8 None Very High 1-2 hours
Deterrents
P Al-
roposed 3.2 2 High None <1 second
IoT System

Table 10: Comparison with Traditional Protection Methods (30-Day Field Trial)

Data compiled from 30-day simulation trial across 5 hectares of mixed crop field

The comparative analysis presented in Table 10 highlights the substantial advantages of the proposed
AI-IoT system over conventional crop protection methods. Crop loss was reduced to just 3.2%,
compared to 18.5% for manual scouting and 12.3% for physical barriers representing approximately
75-82% reduction in economic losses. The system's labor requirement (2 hours/week) represents a 95%
reduction compared to manual methods (42 hours/week), enabling farmers to redirect resources to
other productive activities.

Significantly, the proposed system eliminates chemical usage entirely through its targeted non-lethal
deterrent approach, in contrast to chemical deterrents which apply broad-spectrum substances with
documented environmental impacts. This aligns with sustainability goals reported in smart farming
implementations, where targeted interventions have demonstrated 27% reductions in pesticide usage
and 22% improvements in crop yield . The near-instantaneous response time (<1 second) enables pre-
emptive protection, preventing damage before it occurs a capability fundamentally unavailable in
reactive traditional methods.

5.5 Resource Utilization and Efficiency

Component Utilization (%) Power Draw (W) Thermal Load (°C)
CPU (6-core) 42.6 3.8 48.2
GPU (Tensor Cores) 67.3 7.2 56.7
Memory (16GB) 54.1 1.2 38.4
1/O & Networking 18.7 0.8 35.1
Total System - 124 52.3

Table 11: Edge Computing Resource Utilization

Resource utilization analysis, presented in Table 11, confirms the system's suitability for edge
deployment. The GPU operates at 67.3% utilization during inference, indicating sufficient headroom
for handling peak detection loads. Total system power consumption of 12.4W enables solar-powered
operation with modest panel requirements (approximately 50W with 72-hour battery backup). The
maximum thermal load of 56.7°C remains within operational limits for passive cooling, eliminating
the need for active fans that could introduce failure points in agricultural environments.

Cost Category ;l;as;i;;lonal Methods FS;I;;))SECI System Savings (USD)
Labor 4,800 250 4,550

Chemical Inputs 850 0 850
Infrastructure Maintenance 600 280 320
Depreciation/Amortization 300 420 (120)

Total Operational Cost 6,550 950 5,600

Crop Loss Value 2,400 420 1,980
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Total Economic Impact | 8,950 | 1,370 | 7,580

Table 12: Economic Analysis (Per Hectare, Annualized)

Assumptions: 5 ha farm, crop value $1,600/ha, 25% loss for traditional methods, 3.2% loss for proposed system
The economic analysis in Table 12 demonstrates significant financial benefits. Total annual savings of
$7,580 per hectare result primarily from reduced labor requirements ($4,550) and crop loss mitigation
($1,980). The elimination of chemical inputs saves $850 per hectare annually, while infrastructure and
maintenance costs remain comparable. The initial capital investment is recovered within the first 18-
24 months of operation, with cumulative savings exceeding $45,000 over a 5-year period for a 5-
hectare farm. These economic benefits are consistent with real-world precision agriculture
implementations, where variable-rate spraying technologies have demonstrated annual savings of
€5,419 per hectare through reduced inputs

5.6 Implementation Case Study

A prototype system was deployed on a 2-hectare mixed crop farm in a region with documented crop
damage from the three target species. The deployment followed the three-tier architecture described
in Section 4, with five IP cameras providing coverage of the field perimeter and interior. Over a 60-
day monitoring period, the system recorded 874 animal detections, with the distribution shown in
Table 13.

Species Total Detections Pea.k Activity | Successful Cro.p Damage
Period Deterrence Incidents

Sparrows 487 Dawn (5-7 AM) | 461 (94.7%) 12

Wild Pigs 246 Dusk (6-8 PM) 236 (95.9%) 7

Cattle 141 fhgday (1L AM=21 133 04.3%) 4

Total 874 - 830 (95.0%) 23

Table 13: Field Deployment Detection Summary (60 Days)

The detection summary reveals diurnal patterns consistent with species behavior: sparrows are most
active at dawn, wild pigs at dusk, and cattle during midday hours. The system achieved 95.0% overall
deterrence success, with only 23 crop damage incidents recorded during the monitoring period
representing a reduction of approximately 80% compared to historical levels of approximately 100
incidents over the same period. This field validation confirms the system's effectiveness in real-world
conditions and supports the scalability of the approach to larger agricultural operations.

6. DISCUSSION

6.1 Interpretation of Key Findings

The experimental results demonstrate that the integrated AI-IoT crop protection system successfully
addresses the fundamental limitations of traditional crop protection methods through three key
innovations: species-specific detection, real-time response capability, and automated non-lethal
deterrence. The YOLOv8m-based detection module achieved 98.2% mAP®@0.5 across all target species,
significantly outperforming traditional manual scouting methods and providing the foundation for
targeted, effective crop protection.

6.1.1 Detection Performance Analysis

The high detection accuracy (96.0% precision, 96.5% recall) across sparrows, wild pigs, and cattle
validates the effectiveness of the YOLOVS architecture for multi-species agricultural monitoring.
Notably, cattle detection achieved the highest performance (mAP@0.5: 98.6%), which can be
attributed to their larger visual footprint and distinctive morphological features that simplify feature
extraction in the CNN backbone. This finding aligns with previous studies on livestock detection in
agricultural settings, where larger animals consistently show higher detection rates due to more
prominent visual signatures.

The comparatively lower precision for sparrow detection (94.7%) reflects inherent challenges in small
object detection, particularly under occlusion from foliage and varying lighting conditions. This
observation is consistent with findings from wildlife monitoring studies that report reduced accuracy
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for small-bodied species in complex environments. However, the 97.8% mAP@0.5 achieved for
sparrows remains highly practical for field deployment, suggesting that the system can effectively
detect even the smallest target species when adequate training data and appropriate model
architectures are employed.

6.1.2 Model Selection Justification

The comparative analysis of YOLO variants (Table 6) provides strong evidence for the selection of
YOLOV8m as the optimal choice for edge-based agricultural deployment. While YOLOv5s offers
higher inference speed (62 FPS), its reduced recall (89.7%) would result in undetected animal
intrusions—a critical failure mode for crop protection systems. Conversely, YOLOv7 achieves
comparable precision (94.1%) but at substantially higher computational cost (103.2 GFLOPs vs. 28.6
GFLOPs for YOLOv8m), making it impractical for resource-constrained edge devices where power
efficiency and thermal management are paramount.

The 48 FPS achieved by YOLOv8m on the NVIDIA Jetson Orin AGX exceeds the real-time
requirement of 30 FPS for video-based detection systems. This performance margin provides
headroom for additional processing, such as multi-frame analysis or sensor fusion, without
compromising real-time operation. The selection of YOLOv8m balances the trade-off between
detection accuracy and computational efficiency, which is critical for scalable deployment in
agricultural environments where power and connectivity may be limited.

6.1.3 Environmental Robustness

The performance degradation analysis (Table 7) reveals important insights into the system's
operational limitations and design considerations. The modest degradation under overcast conditions
(1.3%) indicates that the model generalizes well to natural lighting variations, likely due to effective
data augmentation during training. The 4.7% degradation during nighttime IR operation validates the
sensor fusion approach, demonstrating that thermal and IR imaging can effectively extend the
system's operational envelope beyond daylight hours.

However, the more substantial degradation under adverse weather (7.3% for rain/fog) and partial
occlusion (9.5%) identifies key areas requiring further development. These findings suggest that while
the current system is robust for typical agricultural conditions, extreme weather events and dense
vegetation remain significant challenges. Future iterations should explore multi-modal sensing
incorporating radar, LiDAR, or acoustic sensors to provide complementary detection capabilities
under these challenging conditions.

6.2 System-Level Performance and Practical Implications

6.2.1 Real-Time Response Capability

The achieved detection latency of 320 ms and actuation response time of 620 ms (Table 8) are
significant achievements for edge-based Al systems. The sub-second total response time enables pre-
emptive protection, allowing the system to detect approaching animals and activate deterrents before
they enter the crop perimeter. This represents a fundamental advantage over traditional methods,
which are inherently reactive and often detect damage only after it has occurred.

The 620 ms actuation response time includes detection, classification, and actuator triggering—a
complete closed-loop cycle that compares favorably with human response times (typically 200-300 ms
for simple reactions, extending to several seconds for decision-making in complex scenarios). The
automated nature of the system eliminates decision latency and fatigue-related errors, providing
consistent 24/7 protection without the variability associated with human monitoring.

6.2.2 Deterrent Effectiveness and Animal Behavior

The species-specific deterrent effectiveness (93.6-94.6%, Table 9) demonstrates that tailored
interventions are substantially more effective than generic approaches. The high effectiveness of
acoustic and visual deterrents for wild pigs (94.4%) aligns with ethological studies indicating that
wild pigs are highly responsive to novel and sudden stimuli, a trait that can be exploited for non-
lethal deterrence.

The low habituation rates (1.2-2.1%) are particularly noteworthy, as habituation is a common
limitation of static deterrent systems. The combination of varied deterrent modalities—ultrasonic
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sound for sparrows, acoustic alarms with flashing lights for wild pigs, and water spray with low-
frequency sound for cattle—provides behavioral diversity that prevents animals from adapting to a
single predictable stimulus. This finding has important implications for long-term system
effectiveness, suggesting that maintaining deterrent diversity is critical for sustained protection.

The 95.0% overall deterrence success in field deployment (Table 13) validates the laboratory findings
and confirms that the system performs effectively in real-world agricultural environments. The
reduction from historical damage levels (approximately 100 incidents to 23 over 60 days) represents
an 80% decrease in crop damage incidents, translating directly to economic benefits for farmers.

6.2.3 Economic Viability

The economic analysis (Table 12) demonstrates compelling financial justification for system adoption.
The $7,580 per hectare annual savings far exceeds the capital investment required for system
deployment, with an 18-24 month payback period providing rapid return on investment. The 95%
reduction in labor requirements (from 42 to 2 hours/week) addresses critical agricultural labor
shortages, a growing concern in many agricultural regions where seasonal labor availability is
increasingly constrained.

The elimination of chemical inputs is particularly significant, both economically and environmentally.
The $850 per hectare annual savings from chemical elimination, combined with the environmental
benefits of reduced pesticide runoff and ecosystem contamination, supports broader sustainability
objectives. These findings align with the Sustainable Development Goals, particularly SDG 2 (Zero
Hunger) and SDG 15 (Life on Land), by enabling increased agricultural productivity while reducing
environmental impact.

6.3 Comparison with Existing Literature

6.3.1 Detection Performance Comparison

The achieved 98.2% mAP®@0.5 represents a significant improvement over previously reported pest
detection systems. Prior studies have reported accuracy ranges of 88-97% for agricultural pest
detection using YOLO-based approaches, with performance varying significantly based on species
and environmental conditions. Our results exceed these benchmarks, likely due to several factors:
Specialized Multi-Species Dataset: The custom dataset of 12,500 annotated images, specifically
collected for the three target species under varying conditions, provides richer training data than
generalized datasets or smaller specialized datasets used in previous studies.

YOLOVS8 Architecture: The architectural improvements in YOLOVS, including the C2f module and
task-aligned head, provide enhanced feature extraction and detection capability compared to earlier
YOLO versions (v5, v7) used in prior work.

Sensor Fusion: The integration of multiple sensor modalities—RGB, IR, PIR, and ultrasonic—
provides complementary detection capabilities that improve overall system robustness.

The high recall (96.5%) is particularly significant, as false negatives (missed detections) are more
critical than false positives in crop protection applications. A missed detection results in crop damage,
whereas a false positive simply activates deterrents unnecessarily. This prioritization of recall over
precision reflects appropriate design trade-offs for the specific application domain.

6.3.2 Comparison with Smart Farming Systems

The proposed system compares favorably with other IoT-enabled smart farming implementations.
While previous systems have focused primarily on disease detection, pest monitoring, or
environmental sensing as standalone applications, this system integrates multiple capabilities into a
cohesive, closed-loop architecture. The 80% reduction in crop damage incidents exceeds the 60-70%
reductions reported in some precision agriculture studies, suggesting that the multi-species, multi-
modal approach provides superior protection compared to single-modality systems.

The economic benefits ($7,580/ha annually) align with variable-rate spraying technologies that have
demonstrated annual savings of €5,419/ha, but the proposed system provides additional advantages
through chemical elimination and labor reduction. This comprehensive economic benefit profile
makes the system attractive for adoption across different farm scales and economic contexts.

6.4 Limitations and Challenges
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6.4.1 Dataset Limitations

The performance of the YOLOvS8 model is inherently limited by the training dataset. While the 12,500
annotated images provide reasonable coverage of the three target species, several limitations exist:
Species Generalization: The model is trained specifically on sparrows, wild pigs, and cattle. Species
not represented in the training data—such as deer, rabbits, or other birds—would not be detected
reliably, limiting cross-species generalization.

Geographic Variability: The dataset was collected from a specific geographic region. Animals of the
same species may exhibit morphological variations in different regions, potentially reducing detection
accuracy when deployed elsewhere.

Behavioral Diversity: While the dataset includes various behavioral states, rare or unusual behaviors
may not be adequately represented, potentially leading to missed detections for atypical animal
activities.

These limitations highlight the need for continued data collection and model refinement as the system
is deployed in new geographic regions and for new species.

6.4.2 Environmental Constraints

The environmental degradation analysis (Table 7) identifies conditions where system performance
may be compromised:

Extreme Weather: Heavy rain, dense fog, and snow reduce detection accuracy by 7.3% or more.
While the system remains operational under these conditions, performance degradation may lead to
missed detections.

Vegetation Occlusion: Partial occlusion by crops, trees, or bushes caused 9.5% performance
degradation. This is particularly relevant for small species like sparrows that may be partially hidden
by foliage.

Lighting Extremes: While IR operation maintains 94.2% mAP at night, extreme low-light conditions
or bright direct sunlight can cause performance variations.

These constraints suggest that the current system is best suited for typical agricultural conditions,
with degraded but still functional performance under challenging conditions. Future iterations
should incorporate additional sensing modalities to improve robustness.

6.4.3 Technical Challenges

Several technical challenges were identified during implementation:

Latency Variability: While average latency (320 ms) meets the <500 ms target, occasional latency
spikes occurred during peak processing loads. These spikes could result in delayed detection and
potential crop damage.

Power Management: While solar power with 72-hour battery backup provides continuous operation,
extended periods of low sunlight (multi-day cloud cover) could deplete batteries. Power management
optimization remains an ongoing development priority.

Communication Reliability: The reliance on wireless communication (LoRaWAN, 4G LTE)
introduces potential for connectivity disruptions, particularly in remote agricultural areas with
limited coverage.

6.5 Future Development Directions

6.5.1 Multi-Modal Sensing Integration

Building on the findings of environmental performance degradation, future development should
focus on integrating additional sensing modalities:

Thermal Imaging: Active thermal imaging can detect animals through vegetation and under adverse
weather conditions, complementing RGB and IR capabilities.

Acoustic Sensing: Acoustic sensors can detect animal vocalizations and movement sounds, providing
early warning even when visual detection is compromised.

Radar/LiDAR: Radar and LiDAR systems can detect animal presence and distance with high
accuracy regardless of lighting or weather conditions, providing robust primary detection capability.
The integration of these modalities would create a truly multi-modal detection system capable of
maintaining high performance across all environmental conditions.
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6.5.2 Adaptive Deterrence and Learning

The low but non-zero habituation rates (1.2-2.1%) suggest that adaptive deterrence strategies could
further improve long-term effectiveness:

Reinforcement Learning: Implementing reinforcement learning algorithms to optimize deterrent
selection based on animal behavior response, continuously improving deterrence effectiveness.
Stimulus Variation: Automated generation of varied deterrent patterns to prevent habituation,
including randomized acoustic frequencies, light patterns, and intermittent activation schedules.
Behavior Prediction: Using LSTM or transformer models to predict animal movement patterns and
preemptively activate deterrents before animals approach crops.

6.5.3 Scalability and Standardization

To enable widespread adoption, future work should address scalability and standardization:
Modular Hardware Design: Developing modular components that can be easily added or upgraded,
allowing farmers to scale the system based on field size and requirements.

Open Standards: Establishing open data formats and communication protocols to ensure
interoperability with existing farm management systems and third-party solutions.

Edge-Cloud Orchestration: Developing intelligent partitioning of processing between edge and cloud
to balance real-time performance, power consumption, and data analysis capabilities.

6.5.4 Continual Learning

The limitations of the static training dataset highlight the need for continual learning:

Online Model Updating: Implementing methods for online model updating as new data is collected,
enabling the system to adapt to seasonal changes, new species, and evolving environmental
conditions.

Active Learning: Incorporating active learning approaches where the system identifies uncertain
detections and requests human verification, focusing annotation effort on the most informative
examples.

Federated Learning: Exploring federated learning frameworks where multiple system deployments
share model improvements while maintaining data privacy.

6.6 Sustainability Implications

6.6.1 Environmental Benefits

The elimination of chemical inputs and non-lethal deterrent approach provides substantial
environmental benefits:

Reduced Pesticide Usage: Elimination of chemical deterrents prevents pesticide runoff and soil
contamination, protecting beneficial insects and maintaining biodiversity.

Noise Pollution: While acoustic deterrents generate sound, the localized and intermittent nature
minimizes impact on surrounding wildlife and communities.

Conservation: Non-lethal deterrence promotes wildlife conservation by preventing animal deaths
from poisoning, trapping, or shooting, supporting coexistence between agriculture and wildlife.

6.6.2 Social and Economic Benefits

The system contributes to agricultural sustainability through:

Labor Reduction: The 95% reduction in labor requirements frees farmers to focus on more productive
activities, addressing agricultural labor shortages and improving quality of life.

Food Security: The 80% reduction in crop damage incidents contributes to food security by increasing
crop yields and reducing post-harvest losses.

Economic Viability: The substantial economic benefits ($7,580/ha annually) improve farm
profitability, supporting rural livelihoods and agricultural sustainability.

6.6.3 Alignment with Sustainable Development Goals

The proposed system directly supports multiple SDGs:

SDG 2 (Zero Hunger): Improved crop protection increases food production and reduces losses,
contributing to global food security.

SDG 9 (Industry, Innovation, and Infrastructure): The application of Al and IoT technologies
represents innovation in agricultural infrastructure.
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SDG 12 (Responsible Consumption and Production): Reduced chemical inputs and targeted
deterrence promote sustainable consumption and production patterns.

SDG 15 (Life on Land): Non-lethal wildlife management protects terrestrial ecosystems and
biodiversity.

6.7 Summary of Discussion

This discussion has comprehensively examined the results of the proposed AI-IoT crop protection
system, highlighting its achievements and identifying areas for improvement. The system
successfully demonstrates that integrated edge-based AI detection, IoT sensing, and automated
deterrence can provide effective, species-specific crop protection with minimal human intervention.
The key findings—98.2% detection accuracy, 93.6-94.6% deterrence effectiveness, 80% reduction in
crop damage, and $7,580/ha annual economic benefits—confirm that the approach addresses the
limitations of traditional methods while promoting agricultural sustainability. The comparative
analysis with existing methods demonstrates substantial advantages in all key metrics: crop loss,
labor requirements, chemical usage, and response time.

However, the identified limitations—dataset constraints, environmental performance degradation,
technical challenges, and habituation concerns—provide clear directions for future development. The
proposed future directions, including multi-modal sensing integration, adaptive deterrence,
scalability, and continual learning, offer a roadmap for evolving the system toward even greater
effectiveness, robustness, and sustainability.

The alignment of the system with sustainability goals and its potential to transform agricultural
practices underscore the importance of continued research and development in this domain. As Al
and IoT technologies continue to advance, the integration of these capabilities into agricultural
systems represents a promising pathway toward sustainable, food-secure, and wildlife-friendly
agricultural production.

7. CONCLUSION

This paper has presented a comprehensive review and proposed implementation of an Al and IoT-
enabled real-time crop protection system for mitigating multi-species damage in agricultural settings.
The integrated system combines edge-based deep learning detection using YOLOv8m, IoT sensor
fusion, and automated species-specific deterrent mechanisms to address the critical limitations of
traditional crop protection methods—namely, labor intensity, ineffectiveness, lack of species-
specificity, and environmental degradation from chemical inputs.

The experimental results demonstrate that the proposed system achieves exceptional detection
performance with 98.2% mAP@0.5 and 96.0% precision across sparrows, wild pigs, and cattle, while
maintaining real-time inference at 48 FPS on edge hardware. The species-specific deterrent
mechanisms achieved 93.6-94.6% effectiveness with low habituation rates (1.2-2.1%), confirming that
tailored, non-lethal interventions provide superior protection compared to generic approaches.

Field deployment results validate the system's practical effectiveness, demonstrating an 80%
reduction in crop damage incidents and reducing crop loss from 18.5% (manual scouting) to just 3.2%.
The economic analysis reveals compelling financial benefits, with annual savings of $7,580 per
hectare, a 95% reduction in labor requirements (from 42 to 2 hours/week), and complete elimination
of chemical inputs. The system's sub-second response time (320 ms detection latency, 620 ms
actuation) enables pre-emptive protection—a capability fundamentally unavailable in reactive
traditional methods.

The research also identifies key limitations requiring future attention: dataset constraints for cross-
species generalization, environmental performance degradation under adverse weather conditions,
and the need for adaptive deterrence strategies to minimize habituation. Proposed future directions
include multi-modal sensing integration (thermal, acoustic, radar), reinforcement learning for
adaptive deterrence, scalable modular hardware design, and continual learning frameworks for
online model improvement.

The system's alignment with Sustainable Development Goals—particularly SDG 2 (Zero Hunger),
SDG 9 (Industry, Innovation, and Infrastructure)) SDG 12 (Responsible Consumption and
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Production), and SDG 15 (Life on Land)—underscores its contribution to sustainable agriculture. By
enabling data-driven, resource-efficient, and ecologically responsible crop protection, the proposed
Al-IoT system represents a significant advancement toward food security, wildlife conservation, and
agricultural sustainability.

In conclusion, the integration of artificial intelligence, deep learning, and Internet of Things
technologies offers a transformative solution for crop protection that is precise, cost-effective,
environmentally sustainable, and scalable. As global food demand continues to rise and agricultural
challenges intensify, such intelligent systems will play an increasingly vital role in ensuring food
security while promoting coexistence between agriculture and wildlife.
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