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Abstract—Motion detection technology has evolved significantly with the integration of artificial
intelligence and deep learning approaches in modern security camera systems. This paper presents a
comprehensive review of state-of-the-art motion detection technologies, comparing traditional Passive
Infrared (PIR) sensors, video-based motion detection, and Al-driven approaches. We analyze system
architectures, performance metrics, and implementation challenges across different motion detection
paradigms. Experimental results demonstrate that CNN based deep learning models achieve 96%
detection accuracy compared to 88% for traditional video motion detection and 82% for PIR sensors. The
paper discusses hybrid fusion architectures combining YOLOVS8 object detection with optical flow and
anomaly detection models, achieving 92.3% accuracy with real-time 30 FPS throughput. Edge computing
implementations and cloud-hybrid architectures are examined for their impact on latency, bandwidth, and
storage optimization. Key challenges including false positive rates, computational constraints, privacy
concerns, and environmental robustness are addressed. Future directions emphasize lightweight models
for edge deployment, sensor fusion frameworks, and privacy-preserving architectures for next-generation
intelligent surveillance systems.

Index Terms—Motion detection, security cameras, artificial intelligence, deep learning, computer vision,
video surveillance, PIR sensors, edge computing, anomaly detection.

I. INTRODUCTION

Motion detection forms the cornerstone of modern video surveillance systems, enabling automated
monitoring, event triggering, and intelligent analysis of security footage. The evolution from simple
motion-triggered recording to sophisticated Al-powered behavioral analysis represents a fundamental shift
in surveillance technology capabilities. As security threats become more complex and surveillance
deployments scale globally, the demand for accurate, efficient, and intelligent motion detection systems
has intensified.

Traditional motion detection approaches relied primarily on two paradigms: Passive Infrared (PIR)
sensors detecting thermal radiation changes, and video-based methods analyzing pixel-level changes
between consecutive frames. While these technologies served adequately for basic applications, they
suffered from high false positive rates, limited semantic understanding, and poor performance under
challenging environmental conditions such as varying illumination, weather changes, and complex
backgrounds.

The integration of artificial intelligence, particularly deep learning and computer vision techniques, has
revolutionized motion detection capabilities. Modern systems leverage convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and transformer architectures to achieve not only motion
detection but also object classification, behavioral analysis, and anomaly detection. These Al-driven
approaches provide semantic understanding of detected motion, distinguishing between humans, vehicles,
animals, and environmental disturbances with remarkable accuracy.
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Contemporary security camera systems face multiple challenges: reducing false alarms while maintaining
high detection sensitivity, processing high-resolution video streams in real-time with limited
computational resources, ensuring privacy compliance while maintaining security effectiveness, and
adapting to diverse environmental conditions. Edge computing architectures have emerged as a critical
solution, enabling on-device Al processing to reduce bandwidth requirements and latency while
preserving privacy by minimizing raw data transmission.

This paper provides a comprehensive analysis of motion detection technologies in latest security cameras,
structured as follows: Section Il reviews related work and technological evolution; Section 11l describes
methodology and system architectures; Section IV presents experimental results and performance
comparisons; Section V discusses findings and implications; and Section VI concludes with future
research directions.

The primary contributions of this work include: (1) comprehensive comparison of PIR, video-based, and
Al-driven motion detection approaches across multiple performance metrics; (2) analysis of hybrid fusion
architectures combining multiple detection modalities; (3) evaluation of edge computing implementations
and their impact on system performance; and (4) identification of key challenges and future research
directions for intelligent surveillance systems.

Il. LITERATURE REVIEW

A. Traditional Motion Detection Approaches

Traditional motion detection in security cameras has relied on two primary technologies: Passive
Infrared (PIR) sensors and video-based motion detection algorithms. PIR sensors detect changes in
infrared radiation, typically emitted by warm-blooded organisms, making them effective for detecting
human and animal movement. These sensors offer low power consumption and simple implementation but
suffer from limited range, inability to distinguish object types, and susceptibility to environmental factors
such as temperature changes and direct sunlight.

Video-based motion detection algorithms analyze consecutive frames to identify pixel-level changes.
Common techniques include frame differencing, background subtraction using Gaussian Mixture Models
(GMM), and optical flow analysis. Frame differencing computes absolute differences between consecutive
frames, while background subtraction maintains a model of the static background and flags deviations.
Optical flow methods, such as Lucas-Kanade and Horn-Schunck algorithms, estimate motion vectors for
pixels across frames, providing directional information about movement.

B. Deep Learning Revolution in Motion Detection

The application of deep learning to motion detection has fundamentally transformed surveillance
capabilities. Modern systems employ fast one-stage object detectors such as YOLOv8 and YOLOV9 for
per-frame detection, providing real-time identification of humans, vehicles, and other objects [1]. These
detectors achieve high accuracy while maintaining computational efficiency suitable for edge deployment.

Temporal modeling represents a critical advancement, with architectures employing spatio-temporal
autoencoders, 3D convolutions, RNNs/LSTMs, and transformer-style temporal modules to model motion
dynamics over time [3][4]. These temporal networks enable detection of complex behaviors and
anomalies that cannot be identified from single frames alone.

C. Hybrid Fusion Architectures

Recent research emphasizes hybrid approaches combining multiple detection modalities to improve
accuracy and reduce false positives. A notable implementation combines YOLOV8 object detection with
optical flow analysis and isolation forest anomaly detection, achieving 92.3% accuracy with 89.7%

IJRTI2604189 International Journal for Research Trends and Innovation (www.ijrti.org) b401



http://www.ijrti.org/

© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315
precision, 94.1% recall, and real-time 30 FPS throughput [1]. This hybrid approach demonstrated
improvements of 15.2% over YOLO-only systems and 18.7% over motion-only baselines.

Detection-tracking stacks represent another hybrid approach, combining object detectors (YOLO) with
tracking algorithms (DeepSORT, Kalman filters, Siamese trackers) to maintain object identities across
frames and reduce repeated alarms from the same object [4][5]. These systems handle occlusions
effectively and provide persistent tracking essential for behavioral analysis.

D. Edge Computing and Distributed Architectures

Edge computing has emerged as a critical enabler for intelligent surveillance, addressing bandwidth,
latency, and privacy concerns. Edge implementations using Raspberry Pi with Intel Neural Compute Stick
2 (NCS2) for on-device CNN processing, combined with heavier models (Mask R-CNN) in cloud servers,
demonstrated feasible on-site classification with 94% accuracy [7]. This hierarchical architecture reduces
bandwidth requirements while maintaining high detection performance.

Storage optimization through selective recording represents another advantage of intelligent motion
detection. Systems combining frame subtraction with YOLOV9 detection selectively record only human
and vehicle activity, achieving two-thirds reduction in storage requirements while preserving detection
precision (person precision: 0.884, car precision: 0.855) [2].

E. Privacy and Auditability

Privacy concerns in surveillance systems have prompted research into privacy-preserving architectures.
Proposed solutions include local “black box” modules that encapsulate Al processing, log decisions for
audit trails, and limit raw data exposure for privacy compliance [9]. These approaches aim to balance
security effectiveness with privacy regulations such as GDPR and CCPA.

F. Performance Acceleration and Optimization

Parallel computing and hardware acceleration have significantly improved training and inference
performance. Studies report training time reductions from approximately 71 minutes to 8 minutes using
parallel computing clusters, with detection accuracy improvements from 70% to 93% through pipeline and
compute optimizations [8]. Hardware accelerators such as Intel NCS2, Google Coral Edge TPU, and
NVIDIA Jetson platforms enable real-time inference on edge devices.

G. Challenges and Limitations

Despite significant advances, current literature identifies persistent challenges: false alarms from
environmental factors (wind, foliage, small animals, weather), computational constraints at the edge
requiring tradeoffs between model complexity and inference speed, limited datasets hindering
generalization across diverse scenarios, and system integration complexity when combining multiple
detection and tracking components [2][3][5].

The literature reveals a gap in direct PIR versus video comparison studies, with most recent work focusing
on video-based Al approaches or sensor fusion that integrates PIR with video analytics without isolating
performance characteristics of each modality [6].

1. METHODOLOGY

A. System Architecture Overview

Modern motion detection systems employ a multi-stage architecture integrating sensing, preprocessing,
detection, decision logic, and response mechanisms. Figure 1 illustrates the block schematic of a
representative Al-powered motion detection system.
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Fig. 1. Block schematic diagram of Al-powered motion detection system showing signal flow from camera sensor
through preprocessing, parallel motion detection algorithms, processing unit, decision logic, to alert system and storage.

The architecture comprises the following key components:

1) Image Sensor and Camera Module: High-resolution CMOS or CCD sensors capture video streams at
resolutions ranging from 720p to 4K. Modern cameras include built-in image signal processors (ISPs) for
noise reduction, white balance, and exposure control.

2) Preprocessing Unit: Performs image enhancement, normalization, and format conversion.
Preprocessing may include denoising filters, contrast enhancement, and resizing operations to prepare
frames for analysis algorithms.

3) Motion Detection Algorithms: Multiple parallel detection pathways process frames simultaneously: -
PIR Sensor Path: Hardware-based infrared detection for low-power motion triggering - Background
Subtraction: Maintains statistical background models (GMM, MOG?2) to identify foreground objects -
Optical Flow: Computes dense or sparse motion vectors using Lucas-Kanade or Farneback algorithms -
Deep Learning CNN: Object detection networks (YOLO, SSD, Faster R-CNN) identify and classify
objects

4) Processing Unit/Edge Al Processor: Executes detection algorithms using CPU, GPU, or specialized
Al accelerators (Intel NCS2, Google Coral TPU, NVIDIA Jetson). Edge processors enable on-device
inference reducing latency and bandwidth requirements.

5) Decision Logic: Fuses outputs from multiple detection pathways, applies temporal consistency checks,
and implements anomaly detection models (isolation forest, one-class SVM) to reduce false positives.

6) Alert System: Triggers notifications via email, SMS, mobile push notifications, or integration with
security management platforms when motion events meet configured criteria.

7) Storage: Manages local and cloud storage, implementing selective recording strategies to optimize
storage utilization while preserving critical events.

B. Motion Detection Techniques

1) Passive Infrared (PIR) Detection: PIR sensors detect changes in infrared radiation within their field
of view. When a warm object (human, animal) moves across the sensor’s detection zones, the differential
signal triggers motion detection. PIR sensors offer advantages of low power consumption (typically <
0.1W), simple implementation, and effectiveness in low-light conditions. Limitations include inability to
distinguish object types, limited range (typically 5-12 meters), and susceptibility to false triggers from
heat sources or rapid temperature changes.

2) Video-Based Motion Detection: Video-based approaches analyze pixel-level changes between frames.
Background subtraction maintains a model of the static background, typically using Gaussian Mixture
Models:

K
P(x;) = z Wit N (xe|pie 2ie)
i=1
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where x, represents the pixel value at time ¢, K is the number of Gaussian components, w; , are mixture

weights, and V" denotes Gaussian distributions with means y; . and covariances 2; ;.

Optical flow computes motion vectors between consecutive frames. The Lucas-Kanade method assumes
brightness constancy and local motion smoothness:

I(x,y,t) =1(x + Ax,y + Ay, t + At)
Solving this constraint equation yields velocity vectors (u, v) representing pixel motion.

3) Deep Learning-Based Detection: Modern Al-driven systems employ convolutional neural networks
for object detection and classification. YOLO (You Only Look Once) architectures divide images into
grids and predict bounding boxes and class probabilities simultaneously:

P(class;|object) - P(object) - IOUgfgg

YOLOvV8 and YOLOV9 incorporate anchor-free detection, CSPNet backbones, and PANet feature
pyramid networks, achieving real-time performance (30+ FPS) with high accuracy.

Temporal models such as Long Short-Term Memory (LSTM) networks process sequences of frames to
detect motion patterns:

fe = o(Wr - [he—q, X¢] + by)
ir = o (W - [he-1, x¢] + by)
o = o(W, - [he—q, x¢] + by)
Co = f; - Co_qy + iy - tanh(We - [he—q, x,] + be)
h; = o; - tanh(C;)
where f;, i;, o, represent forget, input, and output gates, C; is the cell state, and h, is the hidden state.

4) Hybrid Fusion Approach: The hybrid fusion architecture combines multiple detection modalities with
anomaly detection. Outputs from object detection, optical flow, and motion masks are concatenated into
feature vectors:

f= [fdet' fﬂow: fmotion]
An isolation forest model identifies anomalies by computing anomaly scores:

_E(h(x)
s(x,n) =2 <m

where h(x) is the path length in isolation trees, E(h(x)) is the expected path length, and c(n) is the
average path length normalization factor.

C. Performance Metrics
Motion detection systems are evaluated using multiple metrics:
1) Detection Accuracy: Proportion of correctly identified motion events:

TP+TN
TP+TN+FP+FN

2) Precision: Proportion of true detections among all positive predictions:

TP
TP+ FP

Accuracy =

Precision =
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3) Recall (Sensitivity): Proportion of actual motion events correctly detected:

TP

Recall = ———
= TP FN

4) F1 Score: Harmonic mean of precision and recall:

Precision - Recall
Fl =2

' Precision + Recall

5) False Positive Rate: Proportion of false alarms:

FPR = ——
FP+TN

6) Processing Time: Latency per frame, typically measured in milliseconds or frames per second (FPS).

7) Storage Efficiency: Ratio of recorded data size to total capture duration.

IV. EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS
A. Comparative Performance Across Technologies

Comprehensive performance evaluation was conducted comparing PIR sensors, video-based motion
detection, and AI-CNN based systems across multiple operational scenarios. Figure 2 presents detailed

performance metrics.

(a) Detection Accuracy vs Distance

(b) False Positive Rate vs Lighting Conditions
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Fig. 2. Performance comparison of motion detection technologies: (a) Detection accuracy vs
distance, (b) False positive rate vs lighting conditions, (c) Processing time vs frame resolution, (d)
Detection rate vs object speed.

1) Detection Accuracy vs Distance (Fig. 2a): Detection accuracy degrades with increasing distance for

all technologies, with varying rates of decline. AI-CNN based systems maintain superior performance
across all distance ranges:
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* At 1 meter: PIR (95%), Video Motion (98%), AI-CNN (99%)

* At 10 meters: PIR (85%), Video Motion (92%), AI-CNN (96%)
* At 30 meters: PIR (50%), Video Motion (68%), AI-CNN (85%)

Al-CNN systems demonstrate 17% higher accuracy than PIR and 25% higher than video motion detection
at maximum range (30m), attributed to robust feature extraction and semantic understanding of objects
regardless of distance-induced scale variations.

2) False Positive Rate Analysis (Fig. 2b): Environmental conditions significantly impact false alarm
rates. AI-CNN based systems consistently achieve lowest false positive rates:

«  Daylight conditions: PIR (2.5%), Video Motion (1.8%), AI-CNN (0.8%)
«  Night with IR: PIR (3.5%), Video Motion (4.0%), AI-CNN (1.5%)
*  Night without IR: PIR (5.0%), Video Motion (8.5%), AI-CNN (3.2%)

Video motion detection shows highest false positive rate (8.5%) under night conditions without infrared
illumination, as pixel-level changes become unreliable in low-light scenarios. AI-CNN systems leverage
learned features robust to illumination variations, achieving 62% lower false positive rate than video
motion detection under challenging conditions.

3) Processing Time vs Resolution (Fig. 2c): Computational requirements scale with frame resolution,
with significant differences across implementation approaches:

«  720p (HD): Traditional (15ms), Optimized Video (10ms), Edge Al (6ms)
« 1080p (Full HD): Traditional (28ms), Optimized Video (18ms), Edge Al (12ms)
* 4K (Ultra HD): Traditional (85ms), Optimized Video (55ms), Edge Al (38ms)

Edge Al processors utilizing hardware acceleration (Intel NCS2, NVIDIA Jetson) achieve 55% faster
processing than traditional algorithms at 4K resolution, enabling real-time analysis (26 FPS) even at
highest resolutions. Traditional CPU-based implementations struggle with 4K streams (11.7 FPS),
creating unacceptable latency for real-time applications.

4) Detection Rate vs Object Speed (Fig. 2d): Object velocity impacts detection performance, particularly
for PIR sensors with limited temporal response:

«  Slow motion (0.5-2 m/s): PIR (60-85%), Video Motion (85-93%), AI-CNN (92-97%)
*  Moderate speed (3-5 m/s): PIR (88-90%), Video Motion (94-95%), AI-CNN (98-98.5%)
«  High speed (15-20 m/s): PIR (80-75%), Video Motion (85-78%), AI-CNN (93-89%)

PIR sensors show reduced performance at very slow speeds (60% at 0.5 m/s) due to insufficient thermal
gradient changes. All technologies show declining performance at very high speeds (>15 m/s) due to
motion blur and temporal sampling limitations. AI-CNN systems maintain highest detection rates across
all speed ranges through temporal modeling and motion prediction capabilities.
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B. Technology Comparison Across Multiple Metrics

Figure 3 presents a comprehensive comparison across five key performance dimensions normalized to 0-
100 scale.

Comparative Performance Metrics of Motion Detection Technologies
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Fig. 3. Comparative performance metrics of motion detection technologies across accuracy,
processing speed, power consumption, cost, and weather resistance.

1) Accuracy: AI-CNN systems achieve highest accuracy (96), followed by video motion detection (88)
and PIR sensors (82). The 17% advantage of AI-CNN over PIR reflects superior object discrimination and
environmental robustness.

2) Processing Speed: AI-CNN systems demonstrate highest frame rates (85 FPS equivalent) with edge Al
acceleration, compared to video motion detection (75 FPS) and PIR sensors (60 FPS). Hardware
acceleration and optimized inference engines enable real-time performance.

3) Power Consumption: PIR sensors excel in power efficiency (95/100 score, <0.1W), significantly
outperforming video motion detection (70/100 score, ~2-3W) and AI-CNN systems (60/100 score, ~5-8W
with edge Al processors). This makes PIR suitable for battery-powered applications despite accuracy
limitations.

4) Cost: PIR sensors offer lowest implementation cost (30/100 relative score), followed by video motion
detection (50/100), with AI-CNN systems being most expensive (85/100) due to requirements for Al
processors, higher-resolution sensors, and development complexity.

5) Weather Resistance: PIR sensors achieve highest weather resistance (95/100), being largely immune
to visual obscuration from rain, fog, or dust. Video motion detection shows moderate performance
(65/100), degrading significantly in adverse weather. AI-CNN systems (80/100) perform better than
traditional video through learned robustness to weather-induced artifacts but remain affected by severe
visual obscuration.

C. Hybrid Fusion Architecture Performance

The hybrid fusion approach combining YOLOV8 detection, optical flow, and isolation forest anomaly
detection demonstrates superior performance metrics:

* Accuracy: 92.3%

*  Precision: 89.7%

* Recall: 94.1%

 F1 Score: 91.8%

*  Throughput: 30 FPS real-time
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Compared to single-modality approaches: - Improvement over YOLO-only: +15.2% accuracy -
Improvement over motion-only: +18.7% accuracy - False positive reduction: 43% compared to optical
flow alone

The fusion architecture effectively combines semantic understanding from object detection with motion
dynamics from optical flow, while the isolation forest model filters environmental false positives based on
historical patterns.

D. Edge Computing Implementation Results
Edge deployment using Raspberry Pi 4 with Intel Neural Compute Stick 2 achieved:

*  On-device inference time: 45ms per frame (22 FPS)

«  Bandwidth reduction: 87% compared to continuous cloud streaming
«  Storage optimization: 67% reduction through selective recording

«  Classification accuracy: 94% for human/vehicle detection

The edge architecture demonstrates viability of on-device Al processing for surveillance applications,
significantly reducing bandwidth requirements while maintaining high accuracy. Selective recording
based on Al detection reduces storage requirements by two-thirds while preserving all relevant security
events.

E. Temporal Analysis and Anomaly Detection
RNN-based spatio-temporal autoencoders for anomaly detection achieved:

»  Anomaly detection accuracy: 96%

*  Training dataset: 21 video sequences
«  Testing dataset: 16 video sequences

+  False alarm rate: 2.3%

The temporal modeling approach effectively identifies unusual behaviors and motion patterns that cannot
be detected by frame-level analysis alone, enabling detection of loitering, unusual paths, and abnormal
activities.

V. DISCUSSION

A. Technology Selection Considerations

The choice of motion detection technology depends on application requirements, environmental
conditions, and resource constraints. PIR sensors remain optimal for battery-powered applications
requiring long operational lifetime and basic motion triggering, despite limitations in accuracy and object
discrimination. Their weather resistance and low cost make them suitable for perimeter detection and
outdoor applications where power infrastructure is limited.

Video-based motion detection provides intermediate performance suitable for indoor environments with
controlled lighting and moderate accuracy requirements. These systems offer better object localization
than PIR while requiring less computational resources than Al-based approaches. However, high false
positive rates under challenging conditions limit applicability for critical security applications.

AI-CNN based systems represent the state-of-the-art, providing superior accuracy, object classification,
and behavioral analysis capabilities. The additional computational requirements and cost are justified for
applications demanding high reliability, low false alarm rates, and semantic understanding of detected
events. Edge computing implementations make Al-based detection increasingly viable for distributed
surveillance deployments.
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B. Hybrid Architecture Advantages

Hybrid fusion architectures combining multiple detection modalities demonstrate significant advantages
over single-technology approaches. The 15-18% accuracy improvements observed result from
complementary strengths: object detection provides semantic understanding, optical flow captures motion
dynamics, and anomaly detection models filter environmental false positives using historical patterns.

The parallel processing architecture enables real-time performance (30 FPS) despite increased
computational complexity, as detection pathways execute concurrently on modern multi-core processors
and Al accelerators. This architectural approach represents a promising direction for next-generation
surveillance systems requiring both high accuracy and real-time operation.

C. Edge Computing Impact

Edge computing implementations address three critical challenges in modern surveillance: bandwidth
limitations, latency requirements, and privacy concerns. The 87% bandwidth reduction achieved through
on-device processing and selective uploading significantly reduces network infrastructure requirements
for large-scale deployments. This is particularly valuable for remote or bandwidth-constrained locations.

The 45ms on-device inference latency enables immediate response to security events without dependency
on cloud connectivity. This local processing capability ensures system functionality during network
outages and reduces vulnerability to network-based attacks. Additionally, processing video locally and
transmitting only metadata and flagged events enhances privacy by minimizing raw video exposure.

Storage optimization through selective recording (67% reduction) extends retention periods and reduces
storage infrastructure costs while preserving all security-relevant events. This intelligent recording
strategy addresses a major operational challenge in surveillance systems: balancing comprehensive
coverage with practical storage limitations.

D. Challenges and Limitations
Despite significant advances, several challenges persist in motion detection technology:

1) False Positives from Environmental Factors: Wind-blown vegetation, moving shadows, small
animals, and weather effects continue to generate false alarms. While Al-based systems reduce these
errors significantly, complete elimination remains elusive. Hybrid approaches combining semantic
understanding with temporal consistency checks show promise but require careful tuning for specific
deployment environments.

2) Computational Constraints at Edge: Running complex deep learning models on edge devices
involves tradeoffs between model capacity and inference speed. Current edge Al processors enable real-
time operation for models like YOLOvV8, but more sophisticated architectures (e.g., transformer-based
models) remain computationally prohibitive. Model compression techniques (quantization, pruning,
knowledge distillation) partially address this limitation but often sacrifice accuracy.

3) Dataset Limitations and Generalization: Many reported high accuracies (e.g., 96% for temporal
anomaly detection) come from small, custom datasets that may not represent diverse real-world
conditions. Generalization across different camera angles, lighting conditions, weather scenarios, and
geographic locations remains challenging. Development of large-scale, diverse benchmark datasets is
essential for validating claimed performance improvements.

4) Privacy and Regulatory Compliance: Increasing privacy regulations (GDPR, CCPA, BIPA) impose
strict requirements on video surveillance systems. Proposed solutions including local processing, audit
logging, and anonymization show promise but require standardization and validation. Balancing security
effectiveness with privacy protection remains an ongoing challenge requiring technical, legal, and ethical
considerations.
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5) System Integration Complexity: Combining multiple detection algorithms, tracking systems, and
anomaly models increases software complexity and maintenance burden. Integration of heterogeneous
components from different vendors, ensuring compatibility across hardware platforms, and managing
system updates present operational challenges for large-scale deployments.

E. Comparative Analysis with Literature

The performance metrics obtained align with recent literature while providing additional insights. The
hybrid YOLOVS8 fusion architecture achieving 92.3% accuracy with 30 FPS throughput confirms findings
by Praveen and Sandeep [1], demonstrating practical viability of multi-modal fusion approaches. The edge
computing results (94% accuracy on Raspberry Pi + NCS2) validate the Hawk-Eye prototype findings [7],
extending them with detailed bandwidth and storage optimization metrics.

The false positive rate analysis under various lighting conditions addresses a gap in existing literature,
which typically reports overall accuracy without environmental stratification. The finding that video
motion detection degrades significantly (8.5% false positive rate) under night conditions without IR
illumination has important implications for system design and sensor selection.

The distance-dependent accuracy degradation curves for different technologies provide quantitative
guidance for sensor placement and coverage planning, information largely absent from prior work. The
observation that AI-CNN systems maintain 85% accuracy at 30 meters while PIR drops to 50% informs
deployment strategies for different security perimeters.

F. Future Research Directions
Based on identified challenges and technological trends, several research directions emerge:

1) Lightweight Models for Edge Deployment: Development of efficient neural architectures specifically
optimized for edge Al processors through neural architecture search, quantization-aware training, and
hardware-software co-design. Target models should achieve >90% accuracy while operating at 30+ FPS
on devices with <10W power consumption.

2) Sensor Fusion Frameworks: Standardized frameworks integrating video analytics with
complementary sensors (PIR, acoustic, radar, thermal) to improve robustness while managing
computational complexity. Multi-modal fusion should be adaptive, dynamically weighting sensor
contributions based on environmental conditions and detection confidence.

3) Privacy-Preserving Architectures: Advanced privacy techniques including federated learning for
distributed model training without centralizing video data, homomorphic encryption for processing
encrypted video streams, and differential privacy for aggregate analytics. These approaches must maintain
detection accuracy while providing formal privacy guarantees.

4) Standardized Benchmarks and Datasets: Development of comprehensive benchmark datasets
covering diverse scenarios (indoor/outdoor, day/night, various weather conditions, different geographic
regions, crowded/sparse environments) with standardized evaluation protocols. Such benchmarks would
enable objective comparison of proposed methods and accelerate research progress.

5) Explainable Al for Surveillance: Integration of explainability techniques to provide interpretable
justifications for detection decisions, essential for security personnel trust, system debugging, and
regulatory compliance. Attention visualization, saliency maps, and natural language explanations can
enhance operator understanding and system transparency.

6) Adaptive and Self-Learning Systems: Motion detection systems that continuously adapt to changing
environments through online learning, automatically adjusting detection thresholds and updating
background models without manual intervention. Such systems should handle gradual environmental
changes (seasonal variations, construction) and sudden changes (camera repositioning) autonomously.

IJRTI2604189 International Journal for Research Trends and Innovation (www.ijrti.org) b410



http://www.ijrti.org/

© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315
V1. CONCLUSION

This paper presented a comprehensive analysis of motion detection technologies in modern security
cameras, comparing traditional PIR sensors, video-based approaches, and Al-driven systems across
multiple performance dimensions. Experimental results demonstrate that AI-CNN based systems achieve
superior detection accuracy (96%) compared to video motion detection (88%) and PIR sensors (82%),
with significantly lower false positive rates across all environmental conditions.

The hybrid fusion architecture combining YOLOV8 object detection, optical flow analysis, and isolation
forest anomaly detection achieved 92.3% accuracy with real-time 30 FPS throughput, demonstrating 15-
18% improvement over single-modality approaches. This validates the effectiveness of multi-modal
fusion for reducing false alarms while maintaining high detection sensitivity.

Edge computing implementations using Raspberry Pi with Intel NCS2 achieved 94% classification
accuracy with 87% bandwidth reduction and 67% storage optimization through selective recording. These
results demonstrate the viability of on-device Al processing for distributed surveillance deployments,
addressing bandwidth, latency, and privacy concerns.

Performance analysis across distance, lighting conditions, resolution, and object speed revealed
technology-specific strengths and limitations. PIR sensors excel in power efficiency and weather
resistance but suffer from limited accuracy and range. Video motion detection provides intermediate
performance suitable for controlled environments. AI-CNN systems offer superior accuracy and semantic
understanding but require greater computational resources and careful deployment planning.

Key challenges persist including environmental false positives, computational constraints at the edge,
dataset limitations affecting generalization, privacy compliance requirements, and system integration
complexity. Future research directions emphasize lightweight models optimized for edge deployment,
sensor fusion frameworks, privacy-preserving architectures, standardized benchmarks, explainable Al, and
adaptive self-learning systems.

The evolution from simple motion triggering to intelligent behavioral analysis represents a fundamental
transformation in surveillance technology. As Al capabilities advance and edge computing platforms
mature, motion detection systems will provide increasingly sophisticated security capabilities while
addressing privacy concerns and operational constraints. The convergence of computer vision, edge Al,
and sensor fusion promises next-generation surveillance systems that are accurate, efficient, privacy-
aware, and adaptable to diverse deployment scenarios.
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