© 2026 IJRTI | Volume 11, Issue 6 June 2026 | ISSN: 2456-3315

Real-Time Container Crash Detection In
Maritime Logistics Using Machine Learning
and loT Sensor Fusion

1Akash Jadhav, ?Prachi Lad, *Ayush Jadhav, “Ashitosh Malwade
Department of Artificial Intelligence and Machine Learning
ISBM College of Engineering, Pune
Affiliated to Savitribai Phule Pune University, Pune , India
lakashjadhav5251@gmail.com 2prachilad275@gmail.com
3ayushjadhavyl5@gmail.com “ashitoshmalwade@gmail.com

Abstract—Container damage during maritime transportation remains a critical challenge in global logistics, with over
10,000 containers lost or damaged annually resulting in billions of dollars in economic losses. Traditional threshold-based
monitoring systems exhibit high false-positive rates and inability to classify impact severity, leading to alarm fatigue among
maritime crews. This paper presents an end-to-end Machine Learning-based Container Crash Detection System that identifies
and classifies crash events in real-time using synthetic accelerometer signal analysis. The proposed pipeline comprises five
sequential stages: (i) physics-based signal generation with realistic sensor artifacts, (ii) time-domain feature extraction
computing six statistical metrics, (iii) Random Forest ensemble classification into four ordinal impact classes, (iv) confidence-
adjusted severity assessment with uncertainty modeling, and (v) interactive Streamlit dashboard with persistent event logging.
The system achieves a weighted F1-score of 96.9% with 100% recall on Severe Crash events, inference latency under 10ms per
window, and a modular architecture enabling future hardware integration. Unlike existing threshold-based approaches that
yield ~70% accuracy with 8.5% false-positive rates, our ML-driven approach reduces false positives by 75% while providing
multi-class severity classification.

Keywords — Container Crash Detection, Maritime Safety, Random Forest, Internet of Things, Real-Time
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l. INTRODUCTION

Container damage during maritime transportation remains a critical challenge in global logistics. Maritime transport underpins over
80% of global trade volume, with approximately 226 million container movements occurring annually across international shipping
lanes [1]. The integrity of containerized cargo is therefore a matter of profound economic importance, with container damage and
loss costing the industry an estimated $6 billion annually through cargo damage, insurance claims, and operational delays [2]. The
World Shipping Council reported 576 containers lost at sea in 2024 alone, with weather-related incidents and structural failures
accounting for a substantial portion of these losses [3].

Container crashes during maritime transportation result from multiple factors: sudden ship tilts due to parametric rolling, harsh
weather conditions including rogue waves, improper weight distribution leading to structural resonance, and mechanical faults in
lashing systems [4]. When container lashing rods experience tension forces exceeding their Safe Working Load (SWL), they snap
violently, causing entire container stacks to collapse in a domino effect—a phenomenon that can occur within 30-60 seconds of
precursor instability [5].

A. Problem Statement and Motivation

The container shipping industry continues to experience significant losses due to container crashes and instability events occurring
during transportation. These accidents are caused by sudden ship tilts, harsh weather, improper weight distribution, and mechanical
failures. Presently, most monitoring systems rely on manual observation or fixed-threshold sensors that exhibit several critical
weaknesses:

1) High False-Positive Rates: Simple threshold-based accelerometers trigger alarms for routine vibrations (engine noise, wave
slamming, normal loading operations), causing alarm fatigue among crew members who subsequently disable monitoring systems
[6]. This phenomenon, known as “alarm fatigue” or “alert fatigue,” has been documented across multiple safety-critical industries
and represents a significant human factors challenge in maritime operations.

2) Binary Classification Limitation: Existing systems can only distinguish “alarm” from “no alarm,” providing no severity gradation.
A minor container shift and a catastrophic stack collapse generate identical binary outputs, preventing prioritized response
allocation [8]. This lack of granularity means that crew members cannot distinguish between events requiring immediate emergency
response versus those warranting routine inspection.
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3) Lack of Predictive Capability: Threshold systems are fundamentally reactive—they detect impacts after they occur, offering zero
predictive capability to prevent container loss [9]. The 30-60 second window preceding parametric roll-induced stack collapse
provides a crucial opportunity for intervention that binary threshold systems completely miss.

4) No Temporal Context: Most systems treat each sensor reading as an isolated event, ignoring the sequential progression of
motion that precedes structural failure [10]. A crash is not an isolated event; it is the climax of a deteriorating sequence of
instability that manifests in accelerometer data as progressively increasing amplitude and frequency content.

B. Contributions

This paper presents a comprehensive Machine Learning-based Container Crash Detection System that addresses these limitations
through the following innovations:

« Multi-Class Classification: A Random Forest Classifier distinguishes four ordinal impact classes: Normal Operation, Mild Impact,
Severe Crash, and Container Shift—enabling nuanced situational awareness. This four-class taxonomy provides operational crews
with actionable severity information rather than binary alarm states.

* Physics-Informed Synthetic Training: A Signal Generator produces realistic accelerometer profiles with controlled severity
parameters, sensor artifacts (noise, drift, glitches), and ground-truth labels for reproducible model training.

» Time-Domain Feature Engineering: Six statistical features (Mean, Standard Deviation, Maximum, Minimum, RMS, Zero-
Crossing Rate) are extracted from 5-second signal windows, achieving high accuracy without computationally expensive
frequency-domain transforms.

* Confidence-Adjusted Severity Assessment: Uncertainty modeling with variance-based confidence adjustment and configurable
severity thresholds (Normal/Warning/Critical) provides actionable visual intelligence.

» Real-Time Interactive Dashboard: A Streamlit-based web interface with Signal Analysis, Live Streaming, and Event History
views enables continuous monitoring and persistent anomaly logging.

The system achieves 96.9% weighted F1-score classification accuracy with inference latency under 10ms, making it suitable for
real-time edge deployment on commodity hardware without GPU acceleration.

1. BACKGROUND AND RELATED WORK

A. Maritime Structural Health Monitoring

Vibration-based structural health monitoring (SHM) has been extensively studied across civil and maritime engineering domains.
The theoretical foundations of SHM rest on the principle that structural damage manifests as changes in dynamic response
characteristics, including natural frequencies, mode shapes, and damping ratios.

Jakovlev et al. [6] proposed an Impact Detection Methodology (IDM) using raw accelerometer data with a sliding-window
kinematic threshold algorithm. Their approach calculated instantaneous acceleration magnitude and flagged impacts when
exceeding threshold for duration t > 8. While achieving 88% peak detection accuracy in port environments, this method required
intensive manual calibration per vessel class and exhibited high false-positive rates during heavy wave slamming.

Zhang et al. [7] developed an IMU-based ML system extracting over 40 time-domain and frequency-domain features including
kurtosis, skewness, signal magnitude area, and spectral entropy. Their Random Forest ensemble achieved 94% F1-score in
controlled onshore crane-drop experiments. However, their dataset ignored the complex multi-axis rolling motion introduced by
open-ocean conditions, limiting real-world applicability.

B. loT and Edge Computing for Maritime Monitoring

The Internet of Things (IoT) has revolutionized maritime logistics by enabling continuous, high-frequency data collection from
distributed sensor networks. Inertial Measurement Units (IMUs) consisting of 3-axis accelerometers and 3-axis gyroscopes have
become the standard for localized motion monitoring.

The ConTAD Project [8] introduced a massive l0T-based solution placing battery-operated sensor nodes on individual containers,
combining LoRaWAN and Bluetooth Low Energy (BLE) for geo-fencing alerts when containers broke physical boundaries. While
effective as a reactive tracker, this approach lacked edge-Al predictive capabilities and faced prohibitive maintenance costs for
20,000+ nodes per vessel.

Patel et al. [9] demonstrated edge computing deployment of lightweight Support Vector Machine (SVM) models on ARM Cortex
microcontrollers for smart container monitoring. Their work proved real-time inference possible within strict power budgets but
utilized binary classification without severity assessment.

C. Parametric Roll Phenomenon

A significant gap in existing literature is the neglect of parametric rolling—the primary cause of modern container loss. Parametric
roll is a dangerous resonance phenomenon that occurs when a ship sails in head or following seas, and the wave encounter
frequency is approximately twice the ship's natural roll frequency. This condition is modeled by the Mathieu equation [10]:

¢+ 2u¢p + w?(1 — h cos(wet))p =0

where ¢ is the roll angle, p is the damping coefficient, o is the natural roll frequency, h is the amplitude of the restoring moment
variation, and w. is the wave encounter frequency. Under these specific conditions, the ship's roll angle can exponentially amplify
within a few wave cycles, reaching angles of 3040 degrees.
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D. Reference Studies Mapping

Table |1 maps each reference study to specific components of our proposed pipeline, illustrating how our work synthesizes prior
contributions while addressing their individual limitations.

Ref. Authors/Year Core Technique Metrics Pipeline Step

[6] Jakovlev et al., 2022 Kinematic Thresholding 88% Accuracy Signal amplitude motivation

[7] Zhang et al., 2025 RF + 40+ Features F1=94% Feature engineering rationale

[8] Oberjatzas et al., 2025 loT Geo-fencing PDR Dashboard alerting architecture

[9] Patel et al., 2024 Edge SVM Latency Edge deployment feasibility

[10] Kim et al., 2022 LSTM Prediction MSE Temporal feature importance
TABLE |

Reference Papers and Their Contribution to the Proposed Pipeline

I1l. PROPOSED METHODOLOGY

The proposed system comprises five sequential processing stages. Fig. 1 illustrates the data flow from signal generation through
feature extraction, classification, confidence adjustment, and dashboard visualization. Each stage is designed to operate within strict
latency constraints suitable for real-time edge deployment.

A. Stage 1: Physics-Based Signal Generation

The Signal Generator class creates synthetic tri-axial accelerometer signals that replicate real-world container motion scenarios.
The generation process is physics-informed, incorporating established maritime engineering principles of impact dynamics and
vibration theory. Four distinct event categories are modeled:

1. Normal Operation (Label 0): Simulates routine container transport vibrations using low-frequency sinusoidal base signals with
additive Gaussian noise. The baseline signal represents the gentle oscillation of a properly secured container stack in moderate sea
states.

2. Mild Impact (Label 1): Models minor collisions or rough handling using a Gaussian impact envelope with moderate severity.
This scenario represents events such as containers bumping during crane loading, minor contact with adjacent stacks during vessel
rolling, or handling equipment contact.

3. Severe Crash (Label 2): Represents major collisions or container drops with high-amplitude impact. This scenario corresponds to
catastrophic events such as lashing failure, crane drop accidents, or severe stack collapse during extreme weather.

4. Container Shift (Label 3): Simulates lateral container displacement during transport using medium severity with sign-alternating
oscillation. This scenario represents progressive container movement within stacking constraints before catastrophic failure.
Realistic Sensor Artifacts: To ensure the trained model is robust to real-world sensor imperfections, we inject realistic artifacts into
the generated signals including sensor glitches (5% probability), calibration drift (3% probability), and baseline wander simulating
thermal effects and gravitational orientation changes.

B. Stage 2: Time-Domain Feature Extraction

From each 500-sample window, six statistical features are extracted to create a compact yet informative representation for machine
learning classification. The feature selection is deliberately constrained to time-domain operations that require minimal
computational resources.

Table 11 defines each feature, its mathematical formulation, and physical interpretation in the maritime context.

# Feature Formula Physical Meaning
1 Signal Mean X = (1/N)Zx; Average amplitude; near zero for normal operation,
elevated for sustained impacts
2 Std. Deviation o = V(I/N)Z(x—X)?) Signal variability; low for steady-state vibration, high for
transient impacts
3 Maximum Value Xmax = Max(Xi,...,Xn) Peak positive amplitude; primary severity indicator
4 Minimum Value Xmin = Min(Xu,...,Xn) Peak negative amplitude; captures asymmetric impact
characteristics
5 RMS RMS = V((1/N)Ex2) Signal energy content; integrates amplitude and duration
effects
6 Zero-Crossing Rate ZCR = X|sign(x;)—sign(xi-1)[/2N Frequency behavior; elevated for high-frequency vibration
harmonics
TABLE 11

Extracted Statistical Features from 5-Second Signal Windows
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The physical rationale for each feature: Signal Mean captures the DC offset during sustained acceleration events. Standard
Deviation measures signal spread, distinguishing steady-state vibration from transient impacts. Maximum Value is the most
discriminative feature (26.3% importance) as crashes produce peak accelerations far exceeding normal ranges. Minimum Value
captures negative-going peaks characteristic of asymmetric impacts. RMS integrates amplitude and duration effects. Zero-Crossing
Rate approximates frequency content efficiently compared to FFT-based analysis.

C. Stage 3: Random Forest Classification

The Random Forest algorithm was selected as the primary classifier due to its ensemble decision-making capability, resistance to
overfitting, fast inference speed,

and ability to handle multi-class classification without modification.

Decision Tree Foundation: Each tree recursively partitions the feature space using the Gini Impurity criterion. The Random Forest
mitigates overfitting by constructing B = 100 decision trees, each trained on a different bootstrap sample. At each node split, only a
random subset of features is considered, decorrelating individual trees.

Class Weight Balancing: To ensure all event categories receive equal importance during training, the class weight parameter is set
to “balanced,” automatically adjusting weights inversely proportional to class frequency.

D. Stage 4: Confidence Adjustment and Severity Assessment

Raw prediction probabilities from the Random Forest are adjusted to simulate realistic prediction uncertainty. The adjusted
confidence is computed by applying variance-based confidence reduction, extreme amplitude penalization, and Gaussian noise
injection. The result is clamped to [0.30, 0.98] to ensure realistic confidence bounds.

Severity Threshold Configuration: The AlertManager uses a three-tier configurable threshold system:

Severity Level Lower Bound Upper Bound Indicator Alert Action
Normal 0.0 0.4 Green No action; continue monitoring
Warning 0.4 0.7 Orange Log event; notify operator; prepare inspection
Critical 0.7 1.0 Red Immediate alert; trigger emergency response
TABLE 111

Severity Threshold Configuration

E. Stage 5: Real-Time Dashboard and Event Logging

The Streamlit-based dashboard provides three operational views: (1) Signal Analysis View with interactive Plotly charts and color-
coded prediction indicators, (2) Live Streaming View with continuous real-time monitoring and auto-updating charts, and (3)
Event History View with complete SQL.ite database logging of all detected events.

IV.RESULTS AND SYSTEM EVALUATION

A. Dataset and Experimental Setup

The dataset comprises 800 synthetic accelerometer profiles (200 per class) generated at 100Hz with 5-second window duration.
The dataset was split into 80% training (640 samples) and 20% testing (160 samples) with stratified sampling. All experiments
were conducted on standard hardware (2-core CPU, 8GB RAM) without GPU acceleration.

B. Classification Performance

Table IV presents the confusion matrix on the held-out test set. Key observations include: Perfect Severe Crash Detection with
zero misclassifications for label 2 (Severe Crash), confirming high-amplitude Gaussian impact envelopes produce distinctive
statistical features. Safety-Critical Separation with no confusion between Normal (0) and Severe Crash (2). Minor boundary
ambiguity occurs at Normal/Mild Impact and Mild Impact/Container Shift boundaries.

Actual\Pred. Normal Mild Severe Shift
Normal 39 1 0 0
Mild Impact 1 37 1 1
Severe Crash 0 0 40 0
Container Shift 0 1 0 39
TABLE IV

Confusion Matrix — Random Forest Classifier (Test Set, n=160)
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Class Precision Recall F1-Score Support
Normal (0) 0.975 0.975 0.975 40
Mild Impact (1) 0.949 0.925 0.937 40
Severe Crash (2) 0.976 1.000 0.988 40
Container Shift (3) 0.975 0.975 0.975 40
Weighted Avg 0.969 0.969 0.969 160
TABLEV

Classification Report — Random Forest Classifier (5-Fold CV Average)

C. Feature Importance Analysis

Table VI shows the Random Forest feature importance scores computed via mean decrease in Gini impurity. Maximum Value is
the most discriminative feature (26.3%), physically intuitive as crash events are defined by extreme peak amplitudes. Standard
Deviation (22.2%) captures overall signal spread. RMS Energy (18.5%) measures total energy content. Zero-Crossing Rate
(14.0%) captures frequency behavior differences.

Rank Feature Importance Rationale
1 Maximum Value 0.2634 Peak amplitude distinguishes crash events
2 Standard Deviation 0.2218 Signal spread captures variability differences
RMS 0.1845 Energy content integrates amplitude and duration
4 Zero-Crossing Rate 0.1402 Frequency behavior distinguishes motion types
5 Minimum Value 0.1087 Negative spikes capture asymmetric impacts
6 Signal Mean 0.0814 Average amplitude; least discriminative
TABLE VI

Feature Importance from Random Forest Classifier (Mean Decrease in Impurity)

D. Signal Characteristic Analysis

Table VII compares the statistical properties of synthetic signals across all four event types. The Standard Deviation increases by
approximately 10x from Normal to Severe Crash, while Maximum Value increases by approximately 19x.

Feature Normal Mild Impact Severe Crash Container Shift
Mean =0.0 ~0.4 =1.2 =0.1
StdDev ~0.22 ~0.75 ~2.1 =1.5
Max Value ~0.45 ~3.2 =8.5 =5.0
Min Value ~-0.45 ~0.3 ~0.5 ~-5.0
RMS ~0.22 ~0.85 ~2.4 =1.5
Zero-Crossing 25 =55 =110 ~90

TABLE VII

Statistical Comparison of Signal Features by Event Type (Mean Values)
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E. Computational Performance

Table VIII presents inference latency metrics measured on the target deployment hardware (2-core CPU, 8GB RAM, no GPU).
The total end-to-end latency of 3.2ms represents a 78.9% improvement over the baseline heuristic approach (15.2ms reported by
Jakovlev et al. [6]).

Metric Value Requirement Status Notes
Feature Extraction 0.8ms <5ms Pass NumPy vectorized
Model Inference 2.1ms <10ms Pass 100-tree ensemble
Confidence Adj. 0.3ms <5ms Pass Variance + noise
Dashboard Update 1.5ms <50ms Pass Plotly render
Total Latency 3.2ms <100ms Pass Well within limit
Memory Footprint 12.4MB <100MB Pass Model + app
Model Size 2.1MB <10MB Pass Edge suitable
TABLE VIII

Computational Performance Metrics (Measured on 2-Core CPU, 8GB RAM)

F. Comparison with Alternative Approaches
Table IX provides a comprehensive comparison of our Random Forest approach with alternative methods reported in the literature.

Approach Acc.% Classes Lat.(ms) FPR% Key Advantage Primary Limitation
Threshold [6] =10 2 15.2 8.5 Very fast, no training Cannot distinguish severity
SVM [9] ~93 4 ~45 ~5.2 Good with small datasets Slower inference
1D-CNN [7] ~95 4 ~85 ~2.8 Learns features automatically Requires large training data
LSTM [10] ~97 4 ~120 =g Models temporal sequences Computationally expensive
Proposed RF 96.9 4 3.2 2.1 Fast inference; interpretable Requires manual features
TABLE IX

Comparative Analysis with Alternative Approaches

V. DISCUSSION

A. Methodological Contributions

The primary contribution of this work is the integration of insights from multiple reference domains into a single, executable
pipeline for maritime container crash detection. From Jakovlev et al. [6], the pipeline inherits the importance of signal amplitude
characteristics. From Zhang et al. [7], it adopts the Random Forest classifier selection. From Oberjatzas et al. [8], it derives the loT
alerting architecture. From Patel et al. [9], it confirms edge-deployment feasibility. From parametric roll literature [10], it
incorporates the physics of maritime motion.

B. Novelty of Physics-Informed Synthetic Data

The physics-informed signal generation represents a practical solution to the absence of large-scale real-world crash datasets. The
approach offers controlled class balance, reproducible experiments, extreme scenario testing, and artifact characterization that
would be impossible with operational data alone.

C. Real-Time Dashboard Innovation

The Streamlit-based dashboard transforms raw ML predictions into actionable visual intelligence through color-coded waveform
visualization, confidence gauge with green/orange/red zones, severity progress bar, and persistent SQLite logging for complete
traceability.

D. Limitations and Future Work

The study has several important limitations: (1) Synthetic Data Dependency—real-world deployments introduce engine vibration
and hull resonance that may overlap with genuine impact signals. (2) Single-Axis Simulation—the current implementation simulates
single-axis accelerometer data; real deployments would benefit from tri-axial sensor fusion. (3) No Temporal Sequence
Modeling—the system treats each 5-second
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window independently; future work should explore LSTM or 1D-CNN architectures.

VI. CONCLUSION

This paper presented a complete, reproducible, end-to-end pipeline for real-time container crash detection in maritime logistics
using Machine Learning. The five-stage system transforms synthetic accelerometer signals into actionable visual intelligence by: (1)
generating physics-informed training data with realistic sensor artifacts, (2) extracting six statistical time-domain features from 5-
second signal windows, (3) classifying events using a 100-tree Random Forest ensemble with balanced class weights, (4) adjusting
prediction confidence with variance-based uncertainty modeling, and (5) presenting results through an interactive Streamlit
dashboard with persistent event logging.

The pipeline bridges a critical gap in maritime safety literature: while prior studies have validated threshold-based detection,
Random Forest classification, 10T geo-fencing, and edge SVM deployment, none has demonstrated a complete signal-to-dashboard
pipeline with physics-informed synthetic training data, real-time severity assessment, and sub-4ms inference latency on commodity
hardware.

The system achieves 96.9% weighted F1-score classification accuracy with 100% recall on Severe Crash events, 2.1% false-
positive rate, and 3.2ms end-to-end inference latency—representing a 75% reduction in false positives compared to threshold-
based approaches.
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