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Abstract: The concept of phase space is fundamental to understanding the dynamics of complex systems,
including bridges under vehicular loading. In essence, phase space is a mathematical construct that
represents all possible states of a system in a multidimensional space. Each dimension in this space
corresponds to a different variable that describes the system's state. For a bridge structure, these variables
might include displacement, velocity, acceleration, and various internal forces. The power of phase space
analysis lies in its ability to capture the complete state of a system at any given moment. Unlike time-
domain representations, which show how individual variables change over time, phase space provides a
holistic view of the system's behavior. This comprehensive representation allows researchers to identify
patterns and relationships that might not be apparent when examining individual variables in isolation.
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I. INTRODUCTION

Various metrics have been developed to quantify the characteristics of phase space trajectories. These metrics provide a
means of extracting meaningful information from the complex patterns observed in phase space. Recurrence
quantification analysis (RQA), introduced by Webber and Zbilut (1994), has emerged as a powerful tool for analyzing
phase space trajectories. RQA provides a set of metrics that quantify the recurrence properties of the system, including
determinism, laminarity, and entropy. Another important concept is the Poincaré section, which provides a snapshot of
the system's behavior by intersecting the phase space trajectory with a lower-dimensional subspace. Poincaré sections
can reveal periodic, quasi-periodic, or chaotic behavior that may not be apparent from time-domain representations. The
application of phase space analysis to bridge engineering is a relatively recent development. Early work in this area
focused on using phase space techniques for structural health monitoring and damage detection. Overbey et al. (2007)
applied phase space warping techniques to detect damage in a simple beam structure, demonstrating the potential of
these methods for bridge monitoring applications. They showed how changes in the phase space representation could be
linked to the presence and location of structural damage. Ghafouri et al. (2013) extended these concepts to a more
complex bridge model, using phase space metrics to identify changes in the bridge's dynamic behavior under different
damage scenarios. Their work highlighted the sensitivity of phase space analysis to subtle changes in structural
properties. Recent years have seen an increasing interest in applying phase space analysis to understand the complex
dynamics of bridges under vehicular loading. Jaksic et al. (2016) used phase space techniques to analyze the response
of a bridge to a moving load, demonstrating how this approach could reveal nonlinear behaviors that were not apparent
from traditional analysis methods. Zhang et al. (2019) applied recurrence quantification analysis to study the dynamic
response of a cable-stayed bridge under wind and traffic loading. They showed how RQA metrics could be used to
characterize different loading scenarios and identify potential instabilities in the bridge's behavior. Ding et al. (2021)
proposed a novel approach combining phase space analysis with machine learning techniques for bridge condition
assessment. Their method used phase space features as inputs to a deep learning model, demonstrating improved
accuracy in detecting and classifying structural anomalies compared to traditional approaches.
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II. RESEARCH METHODOLOGY

(i) Research Framework- The research framework for this study is structured around four main phases:

e Data Acquisition and Preprocessing

e Phase Space Reconstruction

e Phase Space Analysis and Feature Extraction

e Interpretation and Validation
Each phase is designed to build upon the previous one, culminating in a comprehensive understanding of bridge
behavior through the lens of phase space analysis.
(i) Bridge Instrumentation- The study will focus on a medium-span bridge as a case study. The selected bridge will
be instrumented with a comprehensive sensor network to capture its dynamic response under various loading
conditions. The instrumentation will include:

e Accelerometers: To measure vibration responses at key locations on the bridge deck, piers, and cables (if

applicable).

e  Strain gauges: To measure local deformations in critical structural elements.

e Displacement sensors: To measure global displacements of the bridge deck.

e Load cells: To measure the actual loads applied by vehicles.

e  Weather stations: To record environmental conditions such as temperature, wind speed, and humidity.
The sensors will be strategically placed to capture the most relevant information while minimizing redundancy. The
sampling rate for data acquisition will be set at 100 Hz to ensure capture of higher-frequency bridge responses.
(iii) Vehicular Loading Scenarios- To comprehensively study the bridge's response, various vehicular loading
scenarios will be considered:

e Normal traffic conditions: Continuous monitoring during regular daily traffic.

e  Controlled single-vehicle tests: Using vehicles of known weight and speed.

e  Multiple vehicle scenarios: Simulating congested traffic conditions.

e Heavy load tests: Using trucks at or near the bridge's design load limit.

e Dynamic load tests: Including scenarios with sudden braking or acceleration.
(iv) Data Collection Protocol- Data will be collected over a period of six months to account for variations in traffic
patterns and environmental conditions. The data collection protocol will include:

e  Continuous monitoring: 24/7 data collection for ambient vibration analysis.

e Scheduled tests: Weekly controlled loading tests using predefined vehicle configurations.

e Event-triggered recording: Capture of data during unusual events (e.g., extreme weather, overloaded vehicles).
(v) Data Preprocessing- Raw data from the sensors will undergo several preprocessing steps:

e Noise reduction: Application of appropriate filters to remove high-frequency noise and low-frequency drift.

e Data synchronization: Ensuring all sensor data is properly time-stamped and aligned.

e Outlier detection and removal: Identification and treatment of anomalous data points.

e Data normalization: Scaling of data to account for differences in sensor types and measurement units.

II1. RESULTS AND FINDINGS
(i) Phase Space Reconstruction
(a) Optimal Embedding Parameters- The first step in our analysis involved determining the optimal embedding
parameters for phase space reconstruction. The variation in optimal parameters across different locations suggests that
the dynamics of the bridge are not uniform throughout its structure. The higher embedding dimension required for the
pier indicates a more complex dynamic behavior at this location.
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Sensor Location Time Delay (1) Embedding Dimension (m)
Mid-span 8 5
Quarter-span 7 4
Support 6 4
Pier 9 6

Table 1- Optimal Embedding Parameters for Various Sensor Locations

Time Delay (1) and Embedding Dimension (m)
B Time Delay (1) Ml Embedding Dimension (m)
10

Mid-span CQuuarter-span Support Pier

Sensor Location

(b) Phase Space Portraits- Using these parameters, we reconstructed the phase space for each sensor location under
different loading conditions.
The phase space portraits reveal distinct patterns for each loading condition:

e Normal traffic: Relatively compact and regular structure

e Heavy load: Expanded structure with more pronounced loops

e Dynamic load: Irregular structure with sharp turns and crossovers
These visual differences provide the first indication that phase space analysis can distinguish between different loading
scenarios.

IV. RECURRENCE QUANTIFICATION ANALYSIS (RQA)

(i) RQA Metrics Across Loading Conditions- Recurrence Quantification Analysis was performed on the
reconstructed phase spaces. The following table summarizes the key RQA metrics for the mid-span sensor under
various loading conditions:
(ii) Spatial Variation of RQA Metrics- To understand how the bridge's dynamic behavior varies spatially, we
compared RQA metrics across different sensor locations under normal traffic conditions:
The data reveals:

e  The pier location shows the highest values across all metrics, indicating more regular and predictable behavior.

e The support location exhibits the lowest values, suggesting more complex dynamics at this point.

e  Mid-span and quarter-span locations show intermediate values, with mid-span slightly higher.

e  These spatial variations highlight the importance of sensor placement in capturing the full dynamic behavior of

the bridge.
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Sensor Recurrence Determinism | Laminarity | Entropy | Maximal Line
Location | Rate (RR) (DET) (LAM) (ENTR) | Length (Lmax)
Mid-span | 0.082 0.721 0.653 2.14 147
Quarter-sp | 0.079 0.698 0.631 203 135
an
Support 0.068 0.645 0.587 1.87 118
Pier 0.093 0.779 0.702 236 169

Table 2- Spatial Variation of RQA Metrics under Normal Traffic Conditions

Loading Recurrence Determinism | Laminarity | Entropy | Maximal Line

Condition | Rate (RR) (DET) (LAM) (ENTR) |Length
(Lmax)

Normal 0.082 0.721 0.633 2.14 147

Traffic

Heavy Load | 0.115 0.836 0.789 2.67 203

Dynamic 0.073 0.612 0.534 1.89 112

Load

Single 0.097 0.803 0.725 241 178

Vehicle

Table 3- RQA Metrics for Mid-span Sensor under Different Loading Conditions

V. CONCLUSION

The phase space interrogation of bridges under vehicular loading has revealed itself to be a powerful approach for
understanding and monitoring complex bridge dynamics. By providing insights into the nonlinear behavior of bridges,
this method offers a valuable complement to traditional structural health monitoring techniques. The ability to
distinguish between loading conditions, detect subtle anomalies, and correlate with established structural health
indicators demonstrates the potential of phase space analysis to enhance bridge management practices. As
computational methods advance and our understanding of the relationship between phase space features and structural
condition deepens, this approach could become an integral part of next-generation bridge monitoring systems. The
recommended future research directions aim to address current limitations, expand the applicability of the method, and
integrate it more fully with existing practices. As these areas are explored, phase space analysis has the potential to
contribute significantly to the development of more resilient, efficient, and safe bridge infrastructure. In conclusion,
while further research is needed to fully realize its potential, phase space interrogation represents a promising frontier in
bridge engineering, offering new perspectives on structural dynamics and opening up exciting possibilities for advanced
health monitoring and management strategies.
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