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Abstract

The Smart Intersection Monitoring System (SIMS) represents a significant advancement in urban
mobility safety through the integration of multi-sensor perception and artificial intelligence. By
fusing data from high-resolution cameras, LiDAR, and radar technologies, SIMS creates a robust
environmental awareness layer that can detect, track, and predict the behavior of vulnerable road
users in complex intersection environments. The system employs a multi-tiered machine learning
framework that progresses from object detection to trajectory prediction and ultimately to risk
assessment, enabling preemptive identification of potential conflicts. Implementation follows a
distributed computing paradigm, balancing edge processing for time-critical operations with cloud
analytics for long-term pattern recognition. Field validations across multiple urban intersections
demonstrate the system's effectiveness in maintaining high detection accuracy across varied
environmental conditions, achieving precise trajectory predictions, and significantly reducing
traffic conflicts through targeted interventions. SIMS provides a scalable framework for enhancing
pedestrian safety in increasingly dense urban environments while maintaining privacy through
careful data handling practices. The fusion of these complementary technologies enables resilient
operation during adverse weather and lighting conditions where traditional monitoring systems
fail, addressing a critical vulnerability in urban safety infrastructure. Additionally, the system's
modular architecture allows for incremental deployment and scalability across diverse intersection
types, from simple four-way junctions to complex multi-modal transit hubs, ensuring applicability
across the full spectrum of urban environments.

Keywords: Intelligent Transportation Systems, Pedestrian Safety, Sensor Fusion, Trajectory
Prediction, Edge-Cloud Architecture
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1. Introduction

Urban intersections represent critical junctures in transportation networks where multiple modes
of travel converge, creating complex interaction patterns between pedestrians, cyclists, and
motorized vehicles. These environments are disproportionately associated with traffic accidents,
particularly those involving vulnerable road users (VRUs). According to the WHO Global Status
Report on Road Safety 2023, pedestrians and cyclists account for 26% of all road traffic deaths
globally, with urban intersections being identified as high-risk zones. The report documents that
1.19 million people die annually in road crashes worldwide, with VRUs comprising more than
304,000 of these fatalities [1]. The complexity of these environments—characterized by
occlusions, varying speeds, unpredictable human behavior, and complex right-of-way
regulations—presents substantial challenges for traditional safety measures. The advent of smart
city initiatives, coupled with advancements in computer vision, sensor technology, and machine
learning, has created unprecedented opportunities to reimagine intersection safety. This paper
introduces the Smart Intersection Monitoring System (SIMS), a comprehensive approach that
leverages multi-sensor perception and artificial intelligence to analyze, predict, and mitigate
collision risks in real-time. By integrating cameras, LiDAR, and radar technologies with
sophisticated machine learning algorithms, SIMS creates a robust perception layer capable of
monitoring complex urban environments under varying conditions. According to the Federal
Highway Administration (FHWA), approximately 50% of all traffic injuries and 25% of all traffic
fatalities in the United States occur at or near intersections, despite intersections accounting for
only about 10% of total roadway miles [2]. FHWA data further indicates that in 2019 alone,
intersection-related crashes resulted in 10,180 fatalities, representing 28% of all traffic fatalities
nationwide, with pedestrians involved in 17% of these intersection fatalities [2]. The SIMS
implementation addresses these challenges by deploying high-resolution sensor arrays at critical
intersections, where FHWA studies have shown that systematic monitoring can reduce serious
conflicts by up to 34% [2]. The system utilizes 4K cameras with 120° fields of view, 128-beam
LiDAR sensors capable of generating 2.4 million points per second with +2cm accuracy, and dual-
band radar systems that maintain functionality in adverse weather conditions. This multi-modal
approach directly responds to WHO findings that technological interventions focusing on VRU
safety can reduce fatality rates by 22-30% in urban environments when properly implemented [1].
By processing this sensor data through convolutional neural networks achieving 97.3% detection
accuracy and recurrent neural networks with 0.39m prediction error for 3-second forecasts, SIMS
enables preemptive safety interventions aligned with the WHO's Strategic Approach to Road
Safety that emphasizes automated hazard detection as a key countermeasure against the rising tide
of urban traffic fatalities [1, 2].
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2. Sensor Fusion Architecture for Comprehensive Environmental Perception

The foundation of SIMS lies in its multi-modal sensor fusion architecture, which addresses the
limitations inherent in single-sensor approaches. Each sensor modality contributes unique
capabilities to create a robust, redundant perception system. According to Huang et al. (2023),
fusion architectures implementing complementary sensors can achieve detection improvements of
up to 28.7% in adverse conditions compared to single-sensor systems [3]. The SIMS
implementation strategically integrates three primary sensing modalities to maximize perceptual
coverage across environmental variations. High-resolution cameras with 8.3-megapixel resolution
and 120° field of view provide rich visual information for object classification, utilizing Efficient
and YOLOVS convolutional neural networks that achieve 96.4% mean Average Precision (mAP)
for pedestrian detection in daylight conditions. These cameras capture RGB data at 30 frames per
second with 4K resolution, enabling fine-grained detection of pedestrian behavioral cues with
sensitivity sufficient to detect head orientation within +7.3° and limb positioning with 94.2%
accuracy [3]. This visual data proves essential for detecting subtle pre-movement indicators that
often precede pedestrian crossing intentions by 1.2-1.7 seconds, providing critical early warning
data for collision prediction algorithms. LiDAR sensors employing 128-beam solid-state
technology complement camera data by providing precise 3D spatial mapping of the intersection
environment. Operating at frequencies of 5-20 Hz with an angular resolution of 0.1°-0.4° and range
accuracy of 2cm up to 200m, these sensors generate point clouds with densities of 1.3-2.4 million
points per second [4]. As documented by Campbell et al. (2022), LiDAR maintains 91.3%
detection rates in low-light conditions where camera performance drops to 42.7%, while providing
critical occlusion handling capabilities that maintain tracking continuity even when 68% of a
pedestrian is visually obscured by other road users or infrastructure [4]. The precise spatial data
enables tracking with positional accuracy of +3.8cm and velocity vector calculation with errors
below 0.12 m/s.Radar systems, operating at 77 GHz with 4D MIMO technology, maintain reliable
detection capabilities during adverse weather conditions. Field tests demonstrate 93.5% detection
reliability in heavy rainfall (>50mm/h), where camera performance degrades to 38.2% and LiDAR
to 56.7% [3]. These radar units achieve a range resolution of 0.15m with velocity measurement
accuracy of +0.1m/s at refresh rates of 20- 25 Hz, enabling immediate detection of sudden
accelerations with latency under 45 ms. This capability provides critical redundancy in the 7.2%
of annual hours when precipitation would otherwise compromise safety system performance [4].
The fusion of these complementary data streams occurs through a two-stage architecture
implemented on edge computing hardware with 12 TOPS processing capability. Low-level fusion
combines raw data using Extended Kalman Filters operating at 25Hz, while high-level fusion
employs Graph Neural Networks to integrate processed sensor outputs. Field testing across six
urban intersections demonstrates this multi-sensor approach achieves a 37.2% reduction in
tracking error compared to camera-only systems and maintains 96.8% detection rates across all
environmental conditions, substantially outperforming any single-sensor approach while requiring
only 22W of power consumption per intersection [3, 4].
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Table 1:

Sensor Characteristics in the SIMS Architecture

Sensor Type Key Specifications Detection Performance Environmental
Resilience
Camera 8.3 MP resolution, 120°  96.4% mAP (pedestrians, 38.2% detection in heavy
FOV, 30 FPS, 4K daylight) rainfall

LiDAR 128-beam, 5-20 Hz, 0.1°-  91.3% detection in low  56.7% detection in heavy
0.4° angular resolution, light, £3.8cm tracking rainfall
+2cm accuracy, 200m accuracy

range

Fused System 12 TOPS processing, 96.8% detection across 37.2% reduced tracking

25Hz Kalman filtering all conditions error vs. camera-only

Legend: MP = Megapixel, FOV = Field of View, FPS = Frames Per Second, mAP = mean Average
Precision, TOPS = Tera Operations Per Second

3. Machine Learning Models for Behavior Analysis and Prediction

SIMS employs a multi-tiered machine learning framework to process the fused sensor data, progressing
from detection to prediction and ultimately to risk assessment. According to Zhou et al., deep learning-
based object detection systems for vulnerable road users have evolved significantly, with state-of-the-art
models achieving up to 12.7% improvement in detection accuracy compared to traditional computer vision
approaches [5]. The SIMS implementation integrates specialized neural network architectures optimized
for real-time performance in edge computing environments.

Object detection and classification utilize lightweight variants of YOLOvV8-S and EfficientDet-Lite3,
optimized through network pruning and knowledge distillation techniques that reduce parameter counts by
47.3% while maintaining mean Average Precision (mAP) scores of 0.87 for pedestrian detection across
varying lighting conditions. Zhou et al. note that such optimization enables deployment on resource-
constrained edge devices while maintaining critical detection performance [5]. These models operate at 32
frames per second on dedicated edge processing units with 8.7 TOPS computing capability, enabling real-
time analysis with end-to-end latency of 31.2ms per frame. The detection framework implements feature
pyramid networks that enhance small object detection by 23.8%, which is particularly valuable for early
identification of distant pedestrians approaching intersections [5].

Trajectory prediction leverages a hybrid approach combining bidirectional LSTM networks with graph-
based social attention mechanisms. According to Alahi et al., as cited by Kumar and Manjunath, such hybrid
models reduce average displacement error by 31% compared to models that neglect social interactions [6].
The SIMS implementation achieves mean prediction errors of 0.47m for 3-second forecasts in scenarios
with pedestrian density of 0.18 persons/m?, improving to 0.39m in lower-density environments (0.08
persons/m?). The attention mechanism proves particularly valuable at signalized crossings, where
prediction accuracy improves by 26.4% by modeling collective pedestrian behaviors during signal
transitions [6]. These predictions maintain temporal consistency through a Kalman smoothing layer that
reduces trajectory jitter by 76.2%, enhancing downstream risk assessment reliability.

Anomaly detection algorithms identify unusual patterns through Gaussian Mixture Models (GMMs) with
12 components and One-Class SVMs trained on 2,840 hours of intersection footage. Kumar and Manjunath
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report that unsupervised anomaly detection systems can identify potential traffic conflicts with 87.3%
accuracy when properly calibrated to location-specific behavioral norms [6]. The SIMS implementation
achieves 90.2% precision and 86.7% recall in identifying behavioral anomalies across seven distinct risk
categories, including distracted walking (detected with 89.4% accuracy), hesitation behaviors (91.2%), and
sudden directional changes (93.8%). These detections provide critical early warning with average lead times
of 2.3 seconds before potential conflicts materialize [6].

Risk assessment models synthesize these outputs into safety metrics through a hierarchical Bayesian
network calculating post-encroachment time (PET) with £0.34s accuracy and time-to-collision (TTC)
estimates with £0.28s precision [5]. The model incorporates 23 distinct factors, including relative velocities,
road user classification, predicted trajectories, and environmental conditions, weighted according to their
statistical correlation with historical incident data. This approach achieves an area under the ROC curve of
0.91, significantly outperforming simpler proximity-based models (AUC=0.78) [6]. The resulting risk
assessments trigger graduated response mechanisms when risk scores exceed thresholds calibrated through
analysis of 7,432 near-miss events recorded across 12 urban intersections

Table 2:

Machine Learning Model Performance Metrics

Model Type Architecture Performance Metrics Computational Efficiency
Object Detection YOLOVS-S, EfficientDet- 0.87 mAP (pedestrian 32 FPS, 31.2ms latency, 8.7
Lite3 (47.3% reduced detection) TOPS
parameters)
Trajectory Bi-directional LSTM with ~ 0.47m error (3s forecast, 0.18 76.2% trajectory jitter
Prediction graph-based social attention persons/m?), 0.39m (0.08 reduction
persons/m?)

Anomaly Detection GMMs (12 components),  90.2% precision, 86.7% recall, Trained on 2,840 hours of

One-Class SVMs 2.3s average lead time footage
Risk Assessment Hierarchical Bayesian +0.34s PET accuracy, +0.28s 23 factors incorporated
network TTC precision, 0.91 AUC

Legend: mAP =mean Average Precision, FPS = Frames Per Second, TOPS = Tera Operations Per Second,
LSTM = Long Short-Term Memory, GMM = Gaussian Mixture Model, SVM = Support Vector Machine,
PET = Post-Encroachment Time, TTC = Time-to-Collision, AUC = Area Under Curve

4. System Implementation and Edge-Cloud Architecture

The practical deployment of SIMS necessitates careful consideration of computational constraints,
communication latency, and power requirements. Our implementation follows a distributed
computing paradigm that balances edge processing for time-critical operations with cloud-based
analytics for long-term pattern recognition. According to Zhang et al., properly designed edge-
cloud architectures can reduce end-to-end latency by 78.3% while improving system reliability
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through distributed processing that maintains functionality even during partial network outages
[7]. Edge computing nodes positioned at intersections handle sensor data acquisition, preliminary
processing, and immediate safety-critical decisions. These ruggedized units (IP66-rated with an
operating temperature range of -30°C to +70°C) incorporate NVIDIA Jetson Xavier NX modules
delivering 21 TOPS of Al performance while consuming only 10- 15W during normal operation.
Zhang et al. demonstrate that such edge-optimized hardware can achieve inference times of 24.7ms
for object detection networks and 18.3ms for trajectory prediction, well below the 50ms threshold
required for real-time traffic safety applications [7]. These edge nodes implement dynamic
resource allocation that adjusts computational load based on traffic density, time of day, and
weather conditions, reducing average power consumption by 41.7% compared to static allocation
approaches without sacrificing detection performance. Field deployments across urban
intersections demonstrate 99.7% uptime with mean time between failures (MTBF) exceeding
17,500 hours under diverse environmental conditions [7].

Communication infrastructure utilizes a multi-tiered approach with 5G mmWave as the primary
backhaul (achieving 1.2 Gbps throughput with 7.8 ms latency) supplemented by DSRC (Dedicated
Short-Range Communications) operating in the 5.9 GHz band for direct vehicle-to-infrastructure
messaging. According to Kumar and Williams, this hybrid connectivity strategy ensures 99.4%
message delivery rates even during cellular network congestion [8]. The system implements
standardized messaging protocols, including SAE J2735 BSM (Basic Safety Messages) and SPaT
(Signal Phase and Timing) with end-to-end latencies averaging 43ms from detection to
notification. Connected vehicle integration has demonstrated effective alert delivery to equipped
vehicles within 300 meters of instrumented intersections, while smartphone applications reach
vulnerable road users with location-specific warnings through Bluetooth 5.0 beacons, achieving a
250-meter range in urban environments [8]. Cloud backend services aggregate data across multiple
intersections, enabling macro-level analysis of urban mobility patterns. The cloud infrastructure
processes approximately 2.7TB of data daily from a network of 35 instrumented intersections,
identifying systemic safety issues through spatiotemporal clustering algorithms that pinpoint high-
risk locations with 92.5% accuracy compared to traditional crash analysis methods [7]. This
centralized intelligence continuously refines prediction models through federated learning
approaches that improve detection accuracy by 7.2% every three months without transferring
sensitive data from edge nodes. Zhang et al. note that this architecture maintains 99.92% service
availability through redundant processing capabilities and graceful degradation during component
failures [7]. Privacy preservation mechanisms are incorporated at all levels, implementing privacy-
by-design principles through techniques such as edge-based anonymization that converts raw
video into abstract feature vectors and skeletal models with 99.97% effectiveness in preventing re-
identification. According to Kumar and Williams, the system applies differential privacy
techniques (¢=3.1) to aggregated datasets, adding calibrated noise that mathematically guarantees
individual privacy while maintaining analytical utility for traffic pattern analysis [8]. Data
retention policies automatically purge individualized tracking data after 30 seconds while
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preserving anonymous aggregate statistics for long-term planning, ensuring compliance with
relevant data protection regulations while maintaining essential system functionality.

Table 3:
Edge-Cloud System Architecture Components

Component Key Features Benefits

Edge Computing Ruggedized hardware, Al Real-time processing, low-latency
acceleration decision-making

Communication Dual-network approach (5G + Redundant connectivity, broad coverage
DSRC) range

Cloud Backend Federated learning, spatiotemporal ~ System-wide optimization, trend
analysis identification

Privacy Protection = Edge anonymization, differential GDPR compliance, ethical data
privacy handling

System Reliability =~ Redundant configurations, High availability, fault tolerance

graceful degradation

5. Field Validation and Performance Metrics

To validate the efficacy of SIMS, we conducted comprehensive field trials across six urban
intersections with varying characteristics (traffic volume, geometry, pedestrian density) over nine
months. According to Bertini et al., rigorous ITS evaluation requires a multi-faceted approach
measuring both technical performance and real-world impact across varied conditions [9]. Our
methodology incorporated their recommended "before-after with control" design, collecting 5,832
hours of operational data across all test sites. Detection accuracy for pedestrians maintained 92.3%
precision and 89.2% recall across all lighting and weather conditions, with performance
degradation limited to 7.4% during severe precipitation events compared to baseline conditions.
Bertini et al. emphasize that environmental resilience represents a critical factor in real-world ITS
deployments, with many systems showing performance reductions of 25-40% during adverse
weather [9]. Our multi-sensor approach demonstrated significant improvements over camera-only
systems, which experienced 31.7% degradation during identical precipitation events. False
positive rates were reduced to 0.046 incidents per minute, representing a 76.8% improvement over
single-sensor approaches as measured across 27,423 manually annotated ground-truth instances
[9]. Prediction accuracy for pedestrian trajectories achieved mean displacement errors of 0.43m
for 2-second predictions and 0.78m for 5-second predictions in typical conditions. According to
Morris et al., trajectory prediction represents a challenging component of traffic safety systems,
with conventional approaches typically achieving errors exceeding 0.62m for similar prediction
horizons [10]. Our implementation's performance represents a 30.6% improvement over baseline
models that do not incorporate social interaction dynamics. The system-maintained prediction
quality across varying pedestrian densities, with only an 11.8% reduction in accuracy for high-
density scenarios (0.38 persons/m?) compared to low-density conditions (0.09 persons/m?) [10].
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Near-miss incident detection correctly identified 94.2% of potentially dangerous interactions with
a false alarm rate of 4.9%. Morris et al. note that balanced sensitivity and specificity are essential
for user acceptance, with excessive false alarms leading to alert fatigue and system disregard [10].
The evaluation corpus comprised 1,284 near-miss events (post-encroachment time < 1.5 seconds)
identified across 6,840 observation hours. The system demonstrated particular sensitivity to subtle
interaction cues, with detection rates of 92.5% for hesitation behaviors and 94.7% for failure-to-
yield incidents, providing early warning with average lead times of 2.4 seconds before minimum
separation occurred [10]. Intervention effectiveness was evaluated through randomized trials
where SIMS-triggered alerts were alternately enabled and disabled across matched time periods.
Intersections with active interventions demonstrated a 27.1% reduction in traffic conflicts (near-
miss incidents) and a 19.3% decrease in traffic rule violations compared to control periods. Bertini
et al. emphasize that such controlled experimentation is essential for establishing causal
relationships between ITS deployments and safety outcomes [9]. The intervention evaluation
incorporated 215 experimental days and 209 control days, with statistical significance at p<0.001
(t=4.68). Surveys of road users (n=387) indicated high satisfaction, with 86.9% reporting increased
perceived safety at instrumented intersections [9]. System reliability remained above 99.4%
throughout the trial period, with redundant sensor configurations ensuring continued operation
even when individual components experienced temporary failures. Morris et al. identify reliability
as a critical factor in ITS deployments, with system downtimes potentially undermining user
confidence and safety benefits [10]. Recovery mechanisms successfully maintained critical
functionality during all observed edge cases, with mean time to recovery limited to 4.2 minutes
for software-related issues and 2.5 hours for hardware failures requiring physical intervention,
meeting the performance targets established in pre-deployment planning [10].

Table 4:
Field Validation Performance Summary
Performance Key Results Testing Approach
Aspect
Detection Capability High precision and recall, minimal =~ Ground-truth comparison across
weather degradation conditions
Prediction Quality Low displacement errors, consistent ~Multi-horizon evaluation

across densities

Safety Impact Significant conflict reduction, Randomized control trial design
decreased violations
User Experience High satisfaction ratings, perceived  Road user surveys
safety improvement
Operational Excellent uptime, rapid recovery Continuous monitoring across seasons
Resilience from failures

55



International Journal of Computing and Engineering
ISSN 2958-7425 (online)

Vol. 7, Issue No. 12, pp. 48 - 57, 2025 www.carljournals.org

Conclusion

The Smart Intersection Monitoring System offers a technologically advanced solution to the
persistent challenge of protecting vulnerable road users at urban intersections. Through the
strategic integration of complementary sensing modalities, sophisticated machine learning
algorithms, and distributed computing architecture, SIMS overcomes the limitations of traditional
safety measures and single-sensor approaches. Field validations confirm the system's ability to
maintain consistent performance across varying environmental conditions, accurately predict
movement patterns, and effectively intervene before conflicts escalate to dangerous situations. The
demonstrated reductions in traffic conflicts and rule violations highlight the potential for
widespread deployment to substantially improve urban mobility safety. As transportation networks
continue to evolve with increasing multimodal complexity, SIMS provides a flexible framework
that can adapt to changing urban landscapes while respecting privacy concerns through thoughtful
implementation of data protection mechanisms. The combination of real-time safety enhancements
and long-term analytical capabilities positions this technology as a valuable tool for creating more
pedestrian-friendly urban environments. Beyond the immediate safety benefits, SIMS creates
opportunities for data-driven infrastructure planning that can address systemic design flaws in
urban mobility networks. The generated insights enable targeted investments in physical
infrastructure modifications that complement digital interventions, creating a multi-layered safety
approach. Additionally, the system's capability to integrate with emerging connected vehicle
ecosystems establishes a foundation for increasingly proactive safety interventions as V2X
adoption grows. The historical perception data collected through SIMS deployments further
contributes to the development of more sophisticated behavioral models that can anticipate
complex interaction patterns between different road users, potentially extending safety benefits
beyond instrumented intersections through knowledge transfer to similar urban contexts.
Moreover, the privacy-preserving approach demonstrated by SIMS establishes a template for
responsible smart city technologies that balance public safety imperatives with ethical data
practices, addressing growing concerns about surveillance while delivering essential public
benefits.
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