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ABSTRACT: Bridges are critical links in urban transportation networks, and delayed post-earthquake assessment
can compromise public safety, emergency access, and network continuity. Although structural health monitoring,
artificial intelligence (AI), and edge computing have advanced individually, an integrated bridge-specific workflow
that links sensing, decentralized screening, uncertainty-aware decision support, and city-level coordination remains
insufficiently developed. This study proposes a conceptual framework based on AI and edge computing for rapid
post-earthquake bridge management in a smart city. Using a traceable design-synthesis procedure, requirements
identified from the literature were translated into system layers, data flows, edge-cloud task allocation, uncertainty
controls, and parameterized decision rules. The framework integrates Internet of Things sensors, local edge analytics,
central context and network fusion, AI-based time-series and visual screening, reliability-weighted evidence fusion,
confidence assessment, communication-loss operation, and professional assessment triggers. Its principal contribution
is a validation-ready design specification that connects technical damage screening with provisional operational states
and coordinated response while preserving professional authority over uncertain, severe, and reopening decisions.
Because this is a theoretical framework study, no empirical dataset, simulation result, or field deployment is reported;
accuracy, latency, false-alarm performance, and operational effectiveness must be established through the proposed
staged simulation, hardware-in-the-loop, and pilot validation protocol.

KEYWORDS: Earthquake resilience; artificial intelligence; edge computing; structural health monitoring; smart cities;
conceptual framework; time-series analysis

1 Introduction
Urban transportation systems depend strongly on bridge structures, especially in seismic regions

where their performance directly affects mobility, emergency response, and public safety during and after
earthquakes [1–3]. Bridges often serve as critical links in road networks, and any damage or loss of
functionality can lead to serious disruption in traffic flow and delay rescue operations, which increases the
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overall risk in affected areas [4–6]. Earthquake events introduce complex structural responses due to ground
motion variability, aftershocks, and cumulative damage, which makes post-event assessment a challenging
engineering problem [7–9]. Traditional bridge inspection methods usually rely on manual evaluation and
visual surveys, and these approaches often require significant time and human effort, which may not be
suitable in emergency conditions where rapid decisions are required [10–12].

Recent developments in structural health monitoring systems have introduced new possibilities for
continuous bridge assessment through sensor-based data collection and real-time analysis [13–15]. Wireless
sensor networks and Internet of Things technologies have been widely investigated for their ability to
provide distributed monitoring across bridge components, allowing engineers to detect changes in structural
behavior more effectively [10,12,16]. Vision-based monitoring and computer vision methods have also gained
attention as they offer non-contact measurement techniques for detecting cracks, displacements, and surface
damage [17–19]. Data-driven approaches in structural health monitoring have further improved the ability to
process large volumes of sensor data and extract meaningful patterns related to damage progression [20–22].

Artificial intelligence methods, particularly machine learning and deep learning, have shown strong
performance in damage detection, classification, and prediction for bridge structures under seismic load-
ing [23,24]. Convolutional neural networks and transformer-based models have been applied to identify
damage states and predict seismic responses with improved accuracy compared to conventional analyt-
ical methods [25–27]. These models are capable of learning complex relationships between input data
and structural behavior, which supports faster evaluation of bridge conditions after earthquakes [28–30].
Physics-informed machine learning approaches have also been introduced to combine data-driven models
with engineering principles, which may improve the reliability and interpretability of structural response
prediction [31,32].

At the same time, the increasing scale of data generated by monitoring systems has created challenges
related to data transmission, processing speed, and system latency, especially in time-sensitive situations
such as post-earthquake response [33–35]. Edge computing has been proposed as a solution to address
these challenges by enabling data processing closer to the source, which reduces delay and allows faster
decision-making [33,34,36]. Edge-based systems can support real-time monitoring and immediate analysis
without relying fully on centralized cloud infrastructure, which is important during disaster scenarios where
communication networks may be unstable [33,35,36]. Integration of edge computing with structural health
monitoring has shown potential in improving system responsiveness and supporting distributed intelligence
in smart city environments [33,34,36].

In digitally managed urban transport systems, bridge monitoring and post-earthquake decisions
interact with wider traffic, emergency response, and network recovery functions, so bridges should be
treated as components of a broader urban infrastructure system [4–6]. In such environments, rapid and
reliable post-earthquake assessment becomes more critical due to the high dependency of urban activities
on transportation networks [1–3]. Existing studies have addressed different aspects of bridge monitoring,
seismic assessment, and decision-making, but many of them consider these components separately rather
than as part of an integrated system [16,22,23]. Some research has focused on probabilistic assessment and
resilience evaluation, while other studies have emphasized machine learning or sensor technologies, yet a
unified approach that connects these elements in real-time applications is still limited [6–8].

Despite the progress in artificial intelligence, structural health monitoring, and edge computing, there
is still a lack of a comprehensive automated framework that combines these technologies for rapid post-
earthquake bridge management in smart city contexts. Most existing models do not fully address the
interaction between real-time data acquisition, decentralized processing, and intelligent decision-making



Struct Durab Health Monit. 2026;20(6):7 3

under uncertain seismic conditions. There is also limited attention given to how these systems can oper-
ate together to reduce dependence on manual inspection and improve response time immediately after
an earthquake.

The aim of this study is to propose a conceptual artificial intelligence and edge computing-based
framework for rapid post-earthquake management of bridges in a smart city context. The study focuses
on developing a structured system that integrates monitoring technologies, intelligent algorithms, and
decentralized computing to support potentially faster and more consistent bridge safety evaluation. The
proposed framework is intended to provide a foundation for future research and practical implementation
in urban infrastructure systems where rapid decision-making is essential after seismic events. Because
no case study, production-model training, simulation result, or field deployment is reported, the con-
tribution is a conceptual design specification and validation protocol rather than evidence of achieved
operational performance.

2 Literature Review

2.1 Post-Earthquake Bridge Assessment and Management
Post-earthquake bridge assessment has become a major topic in transportation engineering because

bridges control accessibility, emergency response, and the continuity of urban movement after seismic events.
Earlier post-earthquake management was mainly based on visual inspection, engineering judgment, and
staged field reporting, which often caused delays in safety decisions and reopening actions [1,2,4]. This
issue becomes more serious when bridge systems are part of a larger network, since the condition of one
structure can influence congestion, route redundancy, and regional service loss across many connected
roads [3,5,6]. Existing studies show that post-earthquake management is no longer limited to checking
structural damage alone, because it now includes residual functionality, traffic consequences, aftershock
exposure, and restoration priorities under uncertain conditions [4,7,8].

Historical earthquake observations also show why post-event management should evaluate operability
rather than collapse alone. Gautam [37] revisited highway bridge performance after the 1988 Udaypur
earthquake and reported that minor bridge damage could occur at relatively low shaking levels, emphasizing
that serviceability can be affected before global failure. Field investigations after the 2010 Maule earthquake
identified skew-induced rotation, insufficient seat support, bearing and foundation damage, and loss of
superstructure continuity as mechanisms that could interrupt use even when complete collapse did not
occur [38]. These observations indicate that a useful post-earthquake framework must distinguish among
continued operation, precautionary restriction, urgent professional assessment, and closure rather than
treating collapse as the only consequential outcome.

Recent literature has moved toward probabilistic and resilience-based assessment models. Akbari and
Khanmohammadi [7] examined bridge functionality after earthquakes through damage, residual displace-
ment, and aftershock effects, while Tubaldi et al. [8] proposed Bayesian updating of aftershock risk for
bridges. Abo-El-Ezz et al. [1] considered scenario-based damage assessment at network scale, and Liu et al. [2]
connected bridge damage with traffic congestion in highway systems. Zhang et al. [3] advanced resilience
assessment by considering downtime resulting from interactions among parallel restoration actions, while
Zhang et al. [6] developed a data-driven machine-learning approach for predicting the post-earthquake
functionality and resilience of bridge networks. These works show clear progress, yet they mostly emphasize
network modeling, probabilistic estimation, or restoration sequencing more than real-time automated
support for field-level bridge management.



4 Struct Durab Health Monit. 2026;20(6):7

A critical point from this body of work is that post-earthquake bridge management needs rapid damage
interpretation and immediate action logic, especially in smart cities where disruption spreads quickly across
many services. Current models are strong in risk estimation and planning, but they are often less direct in
linking live monitoring streams with automated operational decisions.

2.2 Structural Health Monitoring, IoT Sensors, and Wireless Monitoring Systems
Structural health monitoring has become one of the main technical bases for modern bridge manage-

ment because it gives continuous information on the condition of structural components before, during,
and after extreme events. Review papers explained that wireless sensor networks opened a new phase in
bridge monitoring through distributed sensing, lower wiring needs, and easier installation across large
structures [13–15]. Other reviews showed that bridge monitoring systems now include accelerometers, strain
sensors, displacement sensors, environmental sensors, and communication modules working in connected
platforms that support near real-time condition tracking [10–12]. This progress has improved data availability,
yet data quality, sensor faults, communication stability, and long-term maintenance remain difficult issues
in field deployment [16,39,40].

Bridge monitoring data are fundamentally multichannel time series rather than isolated measurements.
Acceleration, strain, displacement, temperature, bearing movement, and visual sequences can be examined
through time-domain peaks and residuals, modal and frequency trends, time-frequency energy, autoregres-
sive residuals, and learned temporal representations. Long-term studies, however, show that temperature,
traffic, wind, humidity, sensor drift, and changing excitation can produce response shifts comparable to or
larger than those caused by damage, which creates false-alarm and missed-detection risks if the baseline is
not conditioned on operational and environmental context [40,41]. Full-scale bridge studies have therefore
emphasized bridge-specific baseline learning, local and global sensor groups, unsupervised or one-class
detection, and validation under varying environmental conditions [42,43]. These findings support the use of
time-series screening in the present framework, but they also require uncertainty reporting and professional
confirmation rather than treating an automated anomaly as definitive damage.

The literature also shows a strong shift toward vision-based and hybrid monitoring methods. Bhowmick
et al. [19] used deep learning with UAV video for crack detection on concrete surfaces, while Bhowmick
et al. [44] measured full-field displacement histories from video data. Park et al. [17] reviewed computer
vision-based structural health monitoring, and Ponsi et al. [18] discussed vision-based static and dynamic
monitoring of bridges. Peng et al. [36] pushed this direction further through smart monitoring that combines
computer vision with edge computing. These studies suggest that contact and non-contact sensing can work
together, especially when a bridge needs fast screening after an earthquake.

Data interpretation is another strong topic in this area. Azimi et al. [20] reviewed deep learning for
data-driven damage detection, while Sun et al. [16], Deng et al. [10], and Di Mucci et al. [22] showed
that structural health monitoring is gradually becoming more intelligent through artificial intelligence
and big-data methods. Still, many systems are developed for general condition assessment rather than
earthquake-centered emergency management.

2.3 Artificial Intelligence for Seismic Damage Detection and Decision Support
Artificial intelligence has been widely studied in structural engineering because it can process large

and complex datasets faster than many conventional analytical routines. Review studies have shown that
machine learning and deep learning are now central tools in structural health monitoring for feature
extraction, classification, anomaly detection, and damage prediction [21,23,24]. In bridge engineering, this
development is strongly connected with seismic assessment, where structural responses are highly nonlinear
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and often difficult to interpret rapidly after an earthquake [9,28,45]. Artificial intelligence helps convert
response histories, images, sensor patterns, and performance indicators into estimated damage states and
functional conditions.

Several studies specifically addressed earthquake-related bridge assessment. Mangalathu et al. [28]
presented rapid seismic damage evaluation for bridge portfolios through machine learning methods,
and Ogunjinmi et al. [27] applied convolutional neural networks with transfer learning for rapid post-
earthquake structural damage assessment. Gautam et al. [29] developed soft voting ensemble classification
for earthquake-induced bridge damage, while Liang [30] proposed pattern recognition with Bayesian
optimization for seismic damage detection in highway bridge systems. Li et al. [25] predicted seismic damage
states for in-service bridges through a feature-enhanced Swin Transformer, and Yazdanpanah et al. [26]
used an attention-Mamba transformer for seismic time series response prediction in bearings and piers.
Zhu et al. [46] also contributed with an AI-assisted analytical model for seismic displacement estimation in
isolated bridge portfolios.

A second line of research links artificial intelligence with physically informed modeling and
interpretability. Bhowmick and Nagarajaiah [32] and Pal et al. [31] worked on physics-guided and physics-
informed system identification. These contributions show a move from simple prediction toward more
reliable engineering use. Even so, many AI studies focus on estimation accuracy more than how predictions
are translated into operational bridge decisions in real time.

2.4 Edge Computing and Smart City-Based Infrastructure Resilience
Edge computing has received rising attention in civil infrastructure because modern monitoring

systems generate a large volume of data that can overload centralized processing, especially when rapid post-
earthquake action is needed. Review work by Qiu et al. [33] showed that edge computing is becoming an
important direction in structural health monitoring, mainly because of lower latency, faster response, and
better local processing capacity. Farjad et al. [35] proposed a secure edge computing reference architecture
for data-driven structural health monitoring and discussed lessons from implementation and benchmarking.
Wang et al. [34] developed a lightweight edge-based structural health monitoring prototype, while Peng
et al. [36] linked edge computing with computer vision for smart monitoring. These studies suggest that data
can be filtered, processed, and interpreted close to the structure, which is useful when network reliability
becomes unstable after an earthquake.

The smart city context gives further importance to this issue. In smart cities, bridges are part of
interconnected urban systems where transport, emergency movement, infrastructure control, and digital
communication operate in close relation. Chen et al. [5] examined seismic risk management for bridge
transportation networks through betweenness centrality, which shows how bridge importance changes
across a network. Abo-El-Ezz et al. [1], Wu et al. [4], and Zhang et al. [6] also showed that bridge functionality
and recovery have system-wide effects. In such settings, edge-supported monitoring can help local devices
produce immediate safety signals before information is forwarded to central units for broader coordination.

Even with this progress, current studies often treat edge computing as a technical support layer rather
than as part of a full seismic management logic. Many papers discuss architecture, security, response time, or
smart monitoring, yet fewer works explain how edge units, sensor systems, AI models, and city-level decision
platforms should interact during post-earthquake bridge emergencies.
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2.5 Research Gap and Motivation for the Proposed Framework
The reviewed literature shows a strong body of work in four major streams, post-earthquake bridge

assessment, structural health monitoring, artificial intelligence for seismic damage analysis, and edge com-
puting for smart infrastructure. Each stream has produced useful methods and better technical performance.
Probabilistic and resilience-based studies improved the estimation of bridge functionality, aftershock risk,
traffic disruption, and recovery planning [6–8]. Monitoring studies improved sensing coverage, communica-
tion methods, and visual measurement of structural responses and damage [10,17,18]. Artificial intelligence
studies improved classification, prediction, and fragility estimation under seismic loading [25,28,29]. Edge
computing studies improved data handling speed and local processing efficiency in smart monitoring
systems [34–36].

Resilience-based bridge management also extends beyond the first damage estimate. Pre-event inspec-
tion, maintenance, deterioration control, and seismic retrofit change the vulnerability that the monitoring
system should use as prior context, while post-event restriction, repair sequencing, temporary stabilization,
retrofit, and reopening determine the restoration trajectory. Life-cycle risk studies have shown that seismic
hazard should be considered together with aging, traffic consequences, epistemic and aleatory uncertainty,
and maintenance decisions [47,48]. In this sense, the proposed rapid framework does not replace a life-
cycle bridge management model. It supplies a traceable post-event state and uncertainty record that can
inform later maintenance, repair, retrofit, and network-recovery decisions under mainshock-aftershock
uncertainty [3,4,8].

Even with this progress, the literature still shows a separation between these streams. Many studies
stop at damage detection, response prediction, or resilience estimation without showing how these outputs
become direct bridge management decisions during the urgent period after an earthquake. Sensor studies
often focus on data acquisition, AI studies often focus on model accuracy, and edge studies often focus on
architecture or latency. A fully connected framework that explains how IoT sensors, wireless monitoring,
vision systems, edge devices, central computing, and AI-based decision logic should operate together for
rapid post-earthquake bridge management in smart cities is still not well established.

The present study is motivated by this need for integration. The study proposes a conceptual framework
that links real-time sensing, local edge processing, central support, and context-sensitive artificial intelli-
gence for faster bridge safety decisions after earthquakes. The framework is intended to reduce dependence
on slow manual inspection, support urban response systems, and provide a structured basis for future applied
and validation studies.

3 Framework Development Method and Proposed Framework

3.1 Study Design, Scope, and Framework Construction Procedure
The present article is a conceptual framework-design study. No empirical bridge-monitoring dataset

was generated or analyzed. It does not report a case study, a trained production model, a simulation
result, or a field-performance test, and it does not claim that the proposed system has already achieved the
intended operational benefits. Its contribution is a reproducible design specification and a validation-ready
architecture for future implementation.

Framework construction used a structured design-synthesis procedure based on the literature reviewed
in Section 2. First, the problem boundary was fixed as the period from pre-event readiness through initial
post-event bridge-state recommendation, professional assessment, and recovery-status updating. Second,
findings from the four literature streams were translated into functional requirements for bridge-specific
baseline monitoring, multimodal time-series acquisition, local operation during network disruption, rapid
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anomaly screening, uncertainty-aware evidence fusion, network-context adjustment, professional oversight,
and auditable state updating. Third, each requirement was mapped to an architectural layer and assigned
explicit inputs, processing tasks, outputs, failure behavior, and decision authority. Fourth, the edge-cloud
allocation, screening model stack, latency budget, evidence-fusion equations, confidence calculation, and
state-transition rules were specified. Fifth, the complete design was checked for requirement-to-layer
traceability, safe behavior under missing or conflicting data, and consistency among the figures, tables,
and narrative.

The final check is an internal logical verification of the framework, not empirical validation. It verifies
that every stated requirement has an implementing component, that missing information produces a
documented conservative response, that automated outputs remain provisional where professional judgment
is required, and that the proposed quantities can be measured during future testing. Accuracy, latency, false-
alarm performance, and application value remain hypotheses to be evaluated using the deployment and
validation protocol in Section 3.11.

3.2 Design Requirements and Traceability
Eight requirements guide the design. R1 requires bridge-specific operability states and a pre-event

baseline. R2 requires synchronized multimodal time-series data with quality and device-health metadata.
R3 requires a local edge path that remains functional when wide-area communication is unavailable. R4
requires an explicit and replaceable artificial intelligence model stack with calibrated probability outputs. R5
requires reliability-weighted evidence fusion and uncertainty reporting. R6 requires fail-safe escalation and
professional engineer authority for uncertain, severe, or reopening decisions. R7 requires bridge vulnerability
and transportation-network consequence to affect priority. R8 requires recovery to be represented through
discrete, auditable inspection, repair, retrofit, and reopening states. Table 1 maps these requirements to the
literature basis and the implementing part of the proposed framework.

Table 1: Traceability of design requirements to the proposed framework.

ID Design Requirement Literature or Design Basis Implemented in

R1 Bridge-specific baseline and
operability-centered states

Gautam [37]; Akbari &
Khanmohammadi [7];

Tubaldi et al. [8]

Bridge profile, context fusion,
and state decision

R2
Synchronized multimodal time

series with data-quality
metadata

Peeters & De Roeck [41]; Sen
et al. [40]; Svendsen et al. [42]

Sensing, gateway, and edge
quality screening

R3 Local continuity during
communication interruption

Peng et al. [36]; Farjad
et al. [35]; Wang et al. [34]

Edge inference, local buffer,
and disconnected mode

R4
Explicit modular AI model

stack with calibrated
probabilities

Mangalathu et al. [28]; Gautam
et al. [29]; Li et al. [25]

Autoencoder, feature classifier,
visual classifier, and ensemble

R5
Reliability-weighted fusion,
confidence, and uncertainty

propagation

Jana et al. [39]; Sen et al. [40];
Decò & Frangopol [47]

Reliability scores, probabilistic
fusion, and confidence filter

(Continued)
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Table 1 (continued)

ID Design Requirement Literature or Design Basis Implemented in

R6 Fail-safe escalation and
professional engineer authority

Engineering safety requirement
and inspection integration

Conservative state, professional
assessment, and no automated

reopening

R7 Network-aware priority and city
coordination

Chen et al. [5]; Liu et al. [2];
Zhang et al. [6]

Context and network fusion
and city response interface

R8
Discrete recovery, repair,
retrofit, and reopening

traceability

Han & Frangopol [48]; Wu
et al. [4]; Zhang et al. [3]

Inspection, repair or
rehabilitation log, and
recovery-state update

3.3 Layered System Architecture and Data Flow
The proposed framework is specified as a layered and event-driven system for rapid post-earthquake

bridge management in a smart city context. Its main idea is that bridge safety information should move
through a connected sequence that begins with field sensing and ends with an operational recommendation
and professional follow-up, rather than waiting for a completely manual interpretation after the earthquake.
This direction is supported by research showing the need for faster bridge condition evaluation after seismic
events, especially where bridge disruption can affect emergency movement, traffic continuity, and regional
functionality [1,2,4]. The full architectural logic of the framework is shown in Fig. 1, while Table 2 summarizes
the role, inputs, outputs, and latency dependency of each layer.

Figure 1: Multi-layer architecture of the proposed artificial intelligence and edge computing-based framework for rapid
post-earthquake bridge management in a smart city context. The arrows show the connected-mode refinement path;
the local provisional bypass is specified in Section 3.6 and Table 3.
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Table 3: Proposed edge-cloud task allocation and disconnected-mode behavior.

Function Edge Responsibility Central Responsibility Disconnected-Mode Behavior

Data
acquisition and

quality

Synchronization,
completeness, saturation,

drift, sensor-health
checks, and local

buffering

Fleet-level quality
review and long-term

diagnostics

Continue local quality screening
and buffer event windows

Time-series and
visual analysis

Conditioning, feature
extraction, autoencoder,
compact classifier, and

lightweight visual
inference

Full-resolution
reanalysis, heavier
models, and model

recalibration

Use the last approved edge
model and mark missing central

evidence

Context and
decision

Provisional probability,
confidence, hard-trigger

check, and local
recommendation

Inventory, aftershock,
GIS, traffic,

network-priority fusion,
and refined

recommendation

Issue and locally communicate a
provisional recommendation;

bypass central fusion and mark
context unavailable

Storage and
model

management

Ring buffer, signed event
record, and model or

version hash

Long-term archive,
model registry, and

audit database

Store-and-forward after
reconnection

Notification
and authority

Local alarm and agency
message

City coordination and
cross-bridge
prioritization

Low-confidence non-severe
evidence: Restricted or Urgent

Inspection with assessment;
severe result or hard trigger:

Closed with immediate
assessment; no automated

less-conservative transition

The framework is represented in Fig. 1 as eight operational layers, but for explanation and implemen-
tation these are grouped into six functional modules: sensing; communication and gateway; edge analytics
and rapid damage screening; central data and context fusion; decision support; and response and inspection.
The field sensing layer captures structural response, environmental information, and visual evidence through
sensors placed on bridge components that are likely to experience severe seismic demand, such as bearings,
piers, deck zones, joints, and supports. The communication and gateway layer receives these data, arranges
them in a time-consistent form, and assigns transmission priority according to urgency. The edge analytics
layer then performs first-stage screening, event confirmation, feature extraction, and early damage inference.
This part is especially important because recent studies have shown that local processing can reduce delay
in structural health monitoring systems and support faster near-source analysis, with growing potential for
post-earthquake bridge applications [33,34,36].

When wide-area communication is available, the central intelligence layer extends the local edge result
through integration with bridge records, historical baselines, seismic intensity information, and network
importance indicators. This allows the bridge to be assessed in relation to its own design and service role
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rather than through one fixed generic rule. The central decision layer converts the refined evidence into
an updated operational recommendation, and the city coordination layer distributes it to bridge agencies,
traffic control units, emergency routing systems, and inspection teams. During communication interruption,
however, the edge-side rule engine issues and locally communicates the provisional recommendation
without waiting for the central layers; central refinement resumes after reconnection. This dual-path
arrangement responds to the gap found in the literature, where sensing, artificial intelligence, and resilience
planning are often studied separately even though real post-earthquake management requires them to act
together [6,7,16].

A key feature of the architecture is the division between immediate and refined intelligence. The edge-
side rapid screening and local rule modules produce and communicate a provisional recommendation after
an event window becomes available. When communication and supporting data are available, the central
path shown in Fig. 1 receives the screening record and may retain or increase the conservatism of that
recommendation using bridge, event, and network context. The direct local-notification bypass is specified
in Section 3.6 and Table 3. This arrangement is designed to preserve local functionality during the urgent
post-event period and improve subsequent assessment, but its latency and accuracy must be measured
during commissioning.

3.4 Sensing, Edge Analytics, Central Intelligence, and Management Components
The framework contains several major components, and each one is designed to support a specific

part of post-earthquake bridge management. The first component is the sensing subsystem, which includes
structural, visual, environmental, and device-health sensing. The deployment concept in Fig. 2 shows that
sensors are not distributed randomly across the bridge. Instead, they are assigned to zones where earthquake
damage is more likely to affect safety and functionality, such as bearings, joints, deck regions, piers, and
abutments. This arrangement follows the understanding that seismic bridge damage often develops in
concentrated components rather than uniformly across the whole structure [10,30,38]. Accelerometers, strain
gauges, tilt sensors, displacement sensors, and crack cameras form the core package, while UAV imaging
and temporary mobile devices can support rapid visual confirmation in inaccessible areas [17,19,36]. For the
continuous-deck bridge shown in Fig. 2, expansion-joint monitoring is located only at the deck ends adjacent
to the abutments. Interior spans are represented as continuous-deck and pier monitoring zones and are not
shown as containing an expansion joint.

The second component is the communication and gateway subsystem. This part receives data from
the sensing layer, synchronizes them, filters low-priority traffic, and prepares emergency transmission when
seismic triggers are detected. The gateway also stores data locally if network interruption occurs, which is
important because earthquakes may disturb communication channels at the same moment when condition
information becomes most urgent [33–35]. The third component is the edge analytics subsystem, where
the first damage-related interpretation is carried out. This subsystem checks data quality, confirms whether
the signal corresponds to an actual seismic event, extracts damage-sensitive features, and produces an early
condition score. Such local processing is consistent with recent studies that support edge-side monitoring
for lower latency and faster response in time-critical infrastructure systems [33,34,36].

The fourth component is the central intelligence subsystem. This component fuses edge results with
bridge inventory data, historical response baselines, seismic event characteristics, and transport network
information. The fifth component is the artificial intelligence model stack, which includes anomaly detection,
damage classification, functionality estimation, and confidence assessment. Current literature shows that
machine learning and deep learning methods can support rapid damage screening and bridge performance
prediction after earthquakes when they are paired with strong data preparation and consistent interpretation
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logic [25,28,29]. The final component is the management interface, which turns technical outputs into
operational decisions that can be used by bridge agencies and city response systems.

Figure 2: Bridge-level deployment concept for a continuous-deck bridge, with expansion-joint sensing at the abutment
end joints and monitored deck, bearing, pier, and abutment zones connected to the edge gateway.

3.5 Pre-Event Preparation, Post-Event Screening, and State Updating
The proposed framework operates through a staged process that begins before the earthquake and

continues through response, verification, and recovery updating. The connected-mode operational sequence
is presented in Fig. 3 and the disconnected local bypass and the severe or hard-trigger override are specified
in Section 3.6 and Tables 3–5. The first stage is pre-event readiness. In this stage, each bridge receives a
digital profile containing its structural type, vulnerability class, route importance, monitoring layout, and
historical baseline data. This preparation is necessary because bridge response cannot be judged well without
reference to its normal condition and known seismic weakness. Research on structural health monitoring
and seismic bridge assessment has shown that bridge-specific information strongly affects the quality of
anomaly interpretation and damage prediction [10,20,25].

The second stage begins when an earthquake or strong seismic trigger is detected. At this point,
the monitoring system changes from routine mode to emergency mode. Sampling intensity increases,
gateway priority rules are activated, and local storage becomes more important in case communication
becomes unstable. The framework then moves to data integrity checking and seismic confirmation. This
step is necessary because false readings, missing channels, or non-seismic vibration may lead to misleading
conclusions if they are treated as earthquake damage evidence. Existing studies on sensor fault detection and
signal interpretation support the inclusion of this stage before the main damage inference process [16,39,40].
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Figure 3: Connected-mode operational flow of the proposed framework.
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Table 4: Decision quantities, provisional initialization values, and calibration guardrails.

Quantity or
Rule Definition Provisional

Initialization Calibration or Guardrail

Modality
reliability rm

Quality,
completeness, and
freshness weight in

[0, 1]

Calculated from sensor
and data-quality checks

A missing modality has rm = 0;
each component is audited

Damage
probabilities PD

and PU

Defined in Eq. (10)
Computed after

reliability-weighted
fusion

Total damage probability controls
escalation; high-severity

probability controls closure

Open
Low total damage

probability and high
confidence

PD < 0.10 and C >= 0.80
No hard trigger or prior-state

restriction; no automated
less-conservative transition

Restricted

Mild damage
probability, reduced
confidence, or high

consequence

0.10 <= PD < 0.35, or
C < 0.80 when no more

conservative rule
applies, or context

escalation

Temporary action pending recheck
or professional review

Urgent
inspection

Material risk, conflict,
or low confidence

PD >= 0.35 and
PU < 0.70, or C < 0.60

with anomaly or conflict

Dispatch professional assessment
and seek redundant evidence

Closed High risk or direct
instability evidence

PU >= 0.70, severe
direct evidence, or a

hard trigger

Immediate closure
recommendation; engineer and

agency authority govern
continuation and any

less-conservative transition

The third stage is rapid edge-based assessment. Here, the system extracts response features such as
residual movement, modal changes, support irregularity, and visual damage indications, then applies the
proposed local artificial intelligence model stack to estimate bridge-condition probabilities. A hard physical
trigger or severe local result immediately produces a provisional Closed recommendation and bypasses
the reliability branch. Otherwise, if data quality and model confidence satisfy the configured criteria, the
edge system produces and locally communicates a provisional bridge-state recommendation. Incomplete,
conflicting, or out-of-domain non-severe evidence follows the conservative Restricted or Urgent Inspection
path and requests professional engineer assessment. When connectivity is available, the fourth stage is central
fusion and network adjustment; the central platform may retain or increase, but not reduce, the conservatism
of the local recommendation on the basis of route importance, aftershock risk, historical vulnerability, and
surrounding network condition [6–8]. In Fig. 3, the “no” branch from the reliability check therefore applies
only to non-severe unreliable evidence.
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The final stage is coordinated action and state updating. Traffic control, emergency access management,
professional assessment dispatch, and later recovery review are informed by the assigned bridge state. Inspec-
tion findings and aftershock information return to the system and revise the status when needed. Recovery
is represented as a discrete set of agency-controlled states rather than a continuously predicted process. The
automated part can log emergency stabilization, restricted operation, inspection completion, and repair or
retrofit status, but any transition from Restricted, Urgent Inspection, or Closed to a less conservative state
requires documented professional engineering assessment and responsible-agency authorization. Minor
repair and controlled reopening may occur relatively quickly, whereas major damage, reconstruction, or
replacement can require weeks to months or longer depending on damage, access, aftershocks, procurement,
and construction capacity [3,4]. The framework therefore supports prioritization and traceability; it does not
automatically predict or authorize major recovery.

3.6 Edge-Cloud Task Allocation and Communication-Interruption Operation
The proposed reference implementation uses a split-computing design rather than sending all raw

data to a central platform. The edge node is assigned the safety-critical tasks that should continue with-
out wide-area connectivity: sensor-health screening; time synchronization; seismic trigger confirmation;
detrending, filtering, and windowing of synchronized time series; feature extraction; bridge-specific anomaly
inference; lightweight visual screening when the local hardware permits; confidence calculation; provisional
state assignment; and local logging and notification. The central platform is assigned tasks that benefit
from broader data and greater computing resources: bridge-inventory and historical-baseline queries; full-
resolution image reanalysis; model version management and recalibration; seismic, aftershock, GIS, and
traffic fusion; cross-bridge prioritization; long-term storage; and audit reporting. This division follows the
edge-monitoring direction reported by Peng et al. [36], Farjad et al. [35], and Wang et al. [34], but it is
presented here as a proposed allocation that must be profiled on the selected hardware.

The proposed reference model stack is modular and explicit. For vibration and strain time series,
a bridge-specific convolutional autoencoder is used as the first-line one-class anomaly detector because
undamaged baseline data are more obtainable than labeled earthquake-damage data. The autoencoder does
not directly assign a damage class; its normalized reconstruction error is combined with engineered seismic-
response features in a compact gradient-boosted tree classifier that produces a four-class probability vector.
For visual frames, a quantized MobileNetV2 model screens crack, spalling, end-joint, bearing, and alignment
cues, and a bridge-specific mapping converts the cue scores to the same four damage-state classes; higher-
resolution images can be reprocessed centrally. Each classifier is calibrated on held-out commissioning
data using a predeclared calibration method, and only calibrated four-class vectors enter the ensemble. The
resulting ensemble vector is used by the decision layer. These model choices are a reproducible reference
configuration and may be replaced only if the same input, calibrated-probability, uncertainty, and audit
interfaces are preserved.

During communication interruption, the gateway enters disconnected mode. It retains the last
agency-approved model package and threshold registry, writes raw and processed event windows to a
checksum-protected local ring buffer, issues and locally communicates the provisional recommendation,
and queues results for store-and-forward upload after reconnection. Missing central context is explicitly
marked, and stale central data cannot authorize a transition to a less conservative state. If power becomes
limited, the gateway prioritizes accelerometers, bearing and displacement channels, trigger logic, and event-
window storage over noncritical full-resolution video. Low-confidence non-severe evidence produces at least
a provisional Restricted recommendation and a professional assessment request; a nontrivial anomaly or
conflict may escalate the state to Urgent Inspection. A severe local result or hard physical trigger produces
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a provisional Closed recommendation and immediate professional assessment. Table 3 summarizes the
allocation and degraded-mode behavior.

Latency is defined as a measurable budget rather than a universal time claim. Let Tcommon denote the
sum of Twindow, Tsync, Tbuffer, Tquality, Tfeature, Tinfer, and Tconfidence:

Tprov = Tcommon + Trule,loc + Tnotify,loc (1)
Tref ,conn = Tcommon + Tuplink + Tquery + Tfusion + Trule,ref + Tnotify,ref (2)

During commissioning, each term is measured on the selected sensors, gateway, edge processor, models,
and network. Serial terms are summed, whereas operations that execute in parallel are represented by the
measured critical path rather than counted twice. The 95th-percentile local provisional latency is reported
under nominal, bandwidth-limited, packet-loss, and fully disconnected conditions. Connected refined
latency is reported only while a central link is available, and post-reconnection recovery latency is measured
separately from link restoration through store-and-forward upload, central fusion, refined rule execution,
and refined notification. Consequently, the latency entries in Table 2 identify dependencies and measurement
terms rather than presenting unverified second- or minute-level performance.

3.7 Rapid Damage Screening and Time-Series Processing
Rapid damage screening begins only after an event window is synchronized and each channel receives

a quality score qi between 0 and 1 based on completeness, saturation, timing error, signal-to-noise ratio,
calibration status, and device-health information. Features are normalized against a bridge-specific baseline
conditioned on the available operational and environmental context ci . For feature j on channel i, the
standardized deviation is defined as:

zi j =
fi j − μ j (ci)
σj (ci) + ε

(3)

where μ j (ci) and σj (ci) are the baseline conditional mean and standard deviation and ε prevents unstable
division. The time-series evidence score is:

Ats =
∑i∑ j qiwi j min( ∣zi j ∣

zlim, j
, 1)

∑i∑ j qiwi j
(4)

where wij is an agency-approved feature weight and zlim,j is the bridge-specific normalized warning limit.
Missing channels receive qi = 0 rather than being imputed as normal. If the valid-weight denominator is zero
or below an agency-approved minimum, Ats is not calculated; the result is recorded as insufficient evidence
and enters the conservative Restricted or Urgent Inspection pathway, unless a hard trigger or severe evidence
requires Closed.

Candidate features include peak and residual displacement, peak strain, acceleration- and velocity-
related intensity measures, cumulative absolute velocity, Arias-type energy, natural-frequency and damping
change, wavelet-band energy, support-to-deck phase and coherence change, and bearing or joint residual
movement. The autoencoder reconstruction score is normalized against its healthy-baseline distribution and
combined with these engineered features. Visual evidence is processed separately so that an image cue does
not silently duplicate the same physical evidence already represented by a displacement or strain channel.

Extraction of damage signatures from operational bridges is intrinsically difficult. Temperature, traffic,
wind, humidity, changing boundary conditions, sensor drift, and excitation variability can mask or mimic
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damage; earthquake labels are sparse; local component damage may have little influence on global modal
features; and strong-motion saturation or missing channels may occur precisely when the information
is needed [40–43]. The rapid screening layer is therefore an anomaly-triage mechanism, not a definitive
structural diagnosis. An out-of-distribution input, inadequate baseline coverage, disagreement among
modalities, or low data quality returns an unknown or low-confidence result and leads to a Restricted
or Urgent Inspection recommendation and professional engineer assessment rather than an automated
declaration of safety, unless severe evidence or a hard trigger requires Closed.

3.8 Evidence Fusion, Confidence, and Context-Sensitive Thresholds
Each modality m produces a calibrated probability vector pm(k) over the damage states k = {none or

slight, moderate, extensive, near-collapse} and a reliability value rm between 0 and 1. Missing evidence has
rm = 0. Correlated channels are grouped before fusion to reduce double counting. The fused probability is
obtained by reliability-weighted logarithmic pooling:

p f (k) =
p0(k)∏m [max (pm(k), ε)]rm

∑� p0 (�)∏m [max (pm (�) , ε)]rm
(5)

where p0(k) is a bridge-specific prior derived from vulnerability and event intensity. Fusion is performed
only when sum(rm) > 0 and the agency-approved minimum current-event evidence requirement is met.
Otherwise, no fused posterior is used for an Open recommendation: the prior alone cannot establish safety,
and the record is classified as insufficient evidence for conservative action and professional review.

Three confidence components are retained. Cdata is the mean reliability of the configured independent
modality groups, Cdata = (r1 + . . . + rM)/M, with missing groups retained as rm = 0. Csharp measures the
concentration of the fused probability, and Cagree measures agreement among the modality distributions.
The latter two components and the reported confidence are defined as follows:

Csharp = 1 −
H (p f )
log K

(6)

Cagree = 1 − JSDnorm (7)

C = (CdataCsharpCagree)
1/3 (8)

For at least two available independent modality groups, JSDnorm is the reliability-weighted generalized
Jensen-Shannon divergence computed with normalized weights ωm = rm/sum(rm) and the corresponding
weighted mixture distribution; it is divided by the entropy of the normalized weights so that it lies in [0, 1].
If fewer than two independent modalities are available, Cagree = 0; if none is available, Cdata = 0 and no fused
decision is permitted. The output record also stores ensemble variance, out-of-distribution status, context-
data age, and the model and threshold versions.

The preferred deployed decision is the action a⋆ that minimizes expected agency-approved loss:

a⋆ = arg min
a
∑

k
L (a, k) p f (k) (9)

where L(a, k) includes life-safety, traffic, emergency-access, and false-alarm consequences. Table 4 thresh-
olds are conservative commissioning guardrails rather than a competing decision method. Operational
precedence is: severe or hard-trigger override; insufficient-evidence or low-confidence escalation; prior-state
and reopening restrictions; the more conservative of the expected-loss action and the threshold guardrail;
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and context escalation, which may only increase conservatism. The total nontrivial-damage probability PD
and high-severity unsafe probability PU are defined using NS, E, and NC for none/slight, extensive, and
near-collapse, respectively:

PD = 1 − pf(NS), PU = pf(E) + pf(NC) (10)

For a reproducible conservative initialization before local calibration, the rules are applied in the
following order so that every input receives one state: Closed for a hard trigger, severe direct evidence, or
PU >= 0.70; Urgent Inspection for PD >= 0.35 with PU < 0.70, or for reported confidence C < 0.60 with a
nontrivial anomaly or conflicting evidence; Restricted for 0.10 <= PD < 0.35, for C < 0.80 when no more
conservative rule applies, or for context escalation; and Open only for PD < 0.10, C >= 0.80, no hard trigger,
and no prior-state restriction. Hard triggers include visible loss of support, exhausted unseating margin,
residual movement beyond an agency-approved component limit, or other direct evidence of instability.
These numerical values are proposed commissioning starting points, not validated or universal bridge-safety
limits, and they must be calibrated and approved before operational use. Context may make the action more
conservative but cannot by itself downgrade a structural warning.

3.9 Layerwise Uncertainty Sources and Fail-Safe Management
Uncertainty enters every layer and is retained rather than collapsed into one undocumented score.

The sensing layer includes noise, bias, drift, saturation, placement, and environmental and operational
confounding. The gateway layer includes clock error, packet loss, bandwidth limitation, and incomplete
event windows. The edge layer includes preprocessing sensitivity, model-fit error, scarce damage labels, out-
of-distribution behavior, and hardware resource limits. The central layer includes incomplete inventory,
stale seismic or traffic feeds, and uncertain vulnerability or aftershock context. The fusion layer includes
prior sensitivity, dependence among modalities, and potential double counting. The decision and response
layers include threshold uncertainty, asymmetric consequences, access limitations, and professional or
organizational delay.

Model uncertainty is represented with an ensemble of independently initialized models or resampled
training sets. The mean class probability is used for fusion, while between-model variance is recorded
as epistemic uncertainty and class entropy represents predictive ambiguity. Sensor and communication
uncertainties reduce rm ; missing evidence is not interpreted as a healthy condition. Context freshness is
time-stamped, and an out-of-distribution detector prevents a confident decision when the current event lies
outside the baseline or training domain.

The combined uncertainty record accompanies every recommendation and includes data completeness,
sensor-quality score, model entropy, ensemble variance, modality disagreement, context freshness, threshold
version, and hard-trigger status. The states are ordered Open < Restricted < Urgent Inspection < Closed,
and the reported state is the most conservative of the structural-probability, uncertainty, hard-trigger, prior-
state, and context states: Sfinal =max(Sprob, Sunc, Shard, Shistory , Scontext). Therefore, reducing data reliability
or removing evidence cannot produce a less conservative action or downgrade a severe physical warning.
Uncertain or severe recommendations require documented professional engineer assessment, and any
transition from Restricted, Urgent Inspection, or Closed to a less conservative state additionally requires
responsible-agency authorization.
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3.10 Parameterized Decision Logic and Professional Oversight
The decision-making logic converts technical evidence into explicit, auditable operational recommen-

dations. Table 4 defines the probability, confidence, and threshold quantities; Table 5 and Fig. 4 present
the parameterized decision matrix and state logic; and Table 6 integrates automated assessment with
professional reconnaissance, inspection, repair verification, and reopening authority. Rather than using one
universal sensor threshold, the framework combines bridge-specific physical limits, calibrated probabilities,
structural and visual evidence, data reliability, vulnerability, and network importance before assigning a
provisional state.

The first step in the decision logic is evidence formation. Structural evidence may include residual
displacement, abnormal support motion, strong modal shift, unusual deck and pier response, or a hard
component limit. Visual evidence may include crack growth, spalling, end-joint opening, bearing movement,
loss of support, or visible misalignment. These evidence streams are checked against data reliability and
modality agreement before fusion. This is essential because low-quality or contradictory signals should not
lead directly to a confident management decision. Because sensor and data-quality uncertainty can strongly
affect automated interpretation [34,39,40], Fig. 4 represents an evidence-to-recommendation filter rather
than an autonomous replacement for professional engineering judgment. On the other hand, all transitions
to a less conservative state are provided in Table 6.

Figure 4: Detailed decision logic showing evidence inputs, confidence filtering, provisional operational state assign-
ment, and the professional inspection-review pathway for urgent-inspection cases.
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Table 6: Integration of automated assessment with professional inspection, repair verification, and reopening authority.

Stage Trigger Responsible Party Main Purpose Main Evidence
Collected

Automated
trigger screening

Seismic event and local
anomaly

Edge node under an
agency-approved

configuration

Provisional screening
and advisory action

Sensor anomalies,
image cues,

probabilities,
confidence, and

uncertainty

Route
reconnaissance

Moderate to strong
event or system alarm

Agency staff or
trained

reconnaissance team

Rapid unsafe-bridge
identification and

access-status
confirmation

Quick visual evidence,
closure need, and route

status

Professional
post-earthquake

assessment

Restricted, Urgent
Inspection, Closed, or

uncertain state

Licensed or
professional bridge

engineer and
inspection team

Structural integrity
assessment and action

update

Component damage,
severity, probable cause,

photographs, and
overall damage state

Repair or retrofit
verification

Temporary
stabilization, repair, or

retrofit completed

Agency engineering
team and responsible

professional

Verify adequacy
before a state

transition

Work records,
measurements, residual
defects, and aftershock

condition

Reopening
authorization

Request to move from
Restricted, Urgent

Inspection, or Closed to
a less conservative state

Responsible agency
based on a

documented
professional

recommendation

Formal authorization
of a less conservative
state or continuation

of restriction or
closure

Signed engineering
assessment, threshold
review, and traffic and

network conditions

The assigned operational states range from provisional normal service to full closure. In Table 5, an
Open recommendation is permitted only under low total damage probability, high confidence, and absence
of a hard trigger or prior-state restriction. Mild anomalies or reduced confidence lead to Restricted, while
moderate anomalies, conflicting evidence, or low confidence with a nontrivial anomaly lead to Urgent
Inspection. Severe anomalies, high-severity unsafe probability, or direct evidence of instability lead to Closed.
High-consequence bridges may receive a more conservative action because network importance affects
consequence, but network context cannot override a severe structural warning [4–6]. Table 6 connects
automated screening with route reconnaissance, professional engineering assessment, repair or retrofit
verification, and reopening authorization. Automation provides the first filter and audit record; professional
engineers and the responsible agency retain authority for structural confirmation and any transition from
Restricted, Urgent Inspection, or Closed to a less conservative state.

3.11 Proposed Deployment and Validation Protocol
This subsection provides a prospective deployment and verification scenario; it is not a case study and

does not constitute evidence that the framework currently works on an operational bridge. The proposed first
phase is agency preparation: select a pilot bridge, verify drawings and component limits, create the digital
profile, install time-synchronized sensors at critical zones, define the professional authority chain, and collect
baseline data across representative environmental and traffic conditions. The models and the provisional
thresholds in Table 4 would then be calibrated offline using baseline records, archived events where available,
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physics-based simulations, and controlled-damage or laboratory data. Any simulated or transferred data
must be separated from field observations in the training and test sets.

The second phase is hardware-in-the-loop verification. Recorded or synthetic event windows would be
replayed through the actual gateway and edge hardware while bandwidth limitation, packet loss, clock drift,
sensor dropout, and power interruption are introduced. The study would report the 95th-percentile latency
terms from Section 3.6, event-detection sensitivity and specificity, false-alarm and missed-detection rates,
damage-state macro-F1, Brier score, expected calibration error, uncertainty-escalation rate, data availability,
and store-and-forward recovery. Leave-one-event-out and, where multiple bridges are available, leave-one-
bridge-out testing would be used to examine generalization.

The third phase is a field pilot in shadow mode. The system would issue recommendations to the
agency without autonomous traffic control, and its outputs would be compared with scheduled inspections,
controlled load tests, and professional post-event assessments. Only after documented acceptance criteria,
cybersecurity review, maintenance planning, and professional approval could selected advisory functions be
integrated with traffic and emergency platforms. Automated transitions from Restricted, Urgent Inspection,
or Closed to a less conservative state would remain prohibited; state-change authority would follow local law
and agency procedure.

Pragmatic application is therefore conditional on sensor durability, backup power, time synchroniza-
tion, communications, baseline representativeness, model-drift monitoring, cybersecurity, data governance,
interagency responsibility, staff training, and long-term maintenance funding. These operational constraints
are treated as validation requirements rather than assumed away.

3.12 Intended Practical and Research Significance
The intended value of the framework is that it joins several technical streams into one connected design

for bridge response after earthquakes. Existing studies have shown progress in wireless monitoring, vision-
based sensing, machine learning, edge computing, and resilience assessment, yet these areas are often treated
as separate research directions instead of being assembled into a full emergency decision process [16,22,33].
The present framework responds to that separation by arranging sensing, local interpretation, central fusion,
uncertainty handling, professional oversight, and coordinated response into one sequence. It is therefore a
structured basis for future simulation, hardware-in-the-loop testing, pilot deployment, and applied system
design, not evidence of completed implementation.

A major intended advantage of the framework is that it could reduce dependence on slow manual
inspection during the first and most sensitive stage after shaking, subject to future validation. Manual
inspection remains necessary, especially for detailed structural verification, yet it may take time to mobilize
teams, reach damaged routes, and inspect many bridges in a short period. The proposed system is designed to
produce provisional bridge-state recommendations that may help agencies rank inspection needs and select
precautionary traffic actions before full field reports are available. It does not replace detailed inspection
or professional authority. This intended role is consistent with research on rapid bridge damage screening,
functionality prediction, and network-aware prioritization in seismic events [2,6,28].

Another important value of the framework lies in its fit with smart city conditions. In large urban
systems, a bridge is more than a single structure. Its operational state affects emergency corridors, traffic
redistribution, travel delay, and the continuity of essential services. The proposed framework recognizes this
by including city coordination as an explicit layer rather than treating the bridge as an isolated engineering
asset. This aligns with studies that connect bridge safety with transportation network performance and
post-earthquake functional recovery [3–5].
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The framework also has academic value because it offers a validation-ready specification rather than
only a high-level diagram. Researchers can test its sensing strategy, edge-cloud allocation, model stack,
latency budget, evidence fusion, uncertainty record, decision matrix, and inspection integration in simula-
tions or pilot deployments. The contribution is therefore a conceptual path for future work; claims of speed,
reliability, and context-aware performance remain subject to the validation protocol.

4 Discussion
The proposed framework presents a structured design proposal that connects sensing, data processing,

artificial intelligence, uncertainty management, professional oversight, and operational decision-making into
one continuous system for post-earthquake bridge management. This integration responds to a limitation
in the literature where monitoring systems, analytical models, and decision processes are often developed
in isolation. Earlier studies have shown strong progress in each of these areas, yet their application during
emergency conditions remains fragmented [16,22,33]. The framework described in this study brings these
elements into a unified conceptual process, and this section examines its design strengths, limitations, and
future validation needs.

A principal design feature of the framework lies in its layered structure, where each level performs a
defined function and feeds the next stage. The use of edge analytics before central processing is intended to
support a provisional response during the first period after an earthquake. This approach aligns with research
that highlights the importance of low-latency processing in structural health monitoring systems, especially
when communication networks may be unstable [34–36]. The proposed edge layer can produce a local
recommendation based on the last approved model and available evidence, while the central layer can later
refine the recommendation using network importance and seismic context. Whether this division achieves
the intended balance between speed and reliability remains to be tested with the latency and performance
metrics in Section 3.11.

Another intended feature is the integration of multiple data types. Structural sensors, visual data, and
environmental measurements are treated as complementary sources of evidence. Many existing systems rely
mainly on one type of data, which can limit their performance when signals are incomplete or noisy. The
inclusion of contact and non-contact sensing, as shown in Fig. 2, supports a broader view of bridge condition
and is consistent with trends in hybrid structural health monitoring systems [17–19]. The reliability-weighted
fusion mechanism is intended to reduce dependence on a single data stream, but the size of this benefit
requires empirical validation.

The parameterized decision logic described in Tables 4 and 5, and Fig. 4 also adds technical specificity
to the proposal. Instead of relying on an undefined qualitative threshold, the system uses calibrated damage-
state probabilities, data quality, modality agreement, bridge vulnerability, and network importance. This
multi-factor approach reflects the complexity of post-earthquake conditions, where different actions may
be justified depending on consequence and evidence reliability. Previous studies have emphasized context-
aware evaluation in resilience and functionality assessment [5–7]. The present framework converts that
principle into a reproducible proposed rule set, but the provisional thresholds must be calibrated before
operational use.

Despite these design features, several limitations must be considered. Because no empirical bridge-
monitoring dataset was generated or analyzed, the present study cannot quantify accuracy, latency,
false-alarm rates, or generalizability. Operational damage signatures can be weaker than environmental
and traffic variability, and structural health monitoring systems can experience noise, signal loss, satu-
ration, and calibration drift, especially under strong seismic motion [10,39,40]. Local damage may not
produce a clear global modal change, while temperature or boundary-condition changes may produce a
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large apparent anomaly. The framework includes data-quality, baseline-conditioning, out-of-distribution,
and disagreement checks, but these controls have not yet been validated on the proposed integrated
system. Another limitation concerns artificial intelligence generalization. Models trained on specific bridge
types or seismic conditions may not perform equally well in different regions or structural configura-
tions [23,24]. Model calibration, local adaptation, and professional confirmation are therefore necessary for
any future application.

Resilience in this study should not be interpreted as rapid screening alone. Pre-event maintenance,
deterioration, and retrofit alter vulnerability; post-event repair sequencing, available crews, aftershocks,
and network detours control recovery. Life-cycle risk and maintenance studies show that these decisions
should combine aging, hazard, direct and indirect consequences, and resource limits [47,48]. The proposed
framework can export a probabilistic state and audit record to those models, but it does not optimize
maintenance budgets, retrofit strategies, or reconstruction schedules.

Recovery must also be treated discretely. The rapid system concerns initial state assignment and
prioritization. Major damage or destruction requires detailed engineering analysis, design, procurement,
repair or retrofit, or replacement and can consume weeks to months or longer. The framework tracks these
state transitions but does not continuously infer structural recovery or reopen a bridge automatically.

Implementation complexity also represents a practical concern. The framework requires coordina-
tion among sensing infrastructure, communication systems, edge devices, central platforms, and multiple
agencies. Such integration may demand significant investment, technical expertise, maintenance capacity,
defined professional liability, and institutional coordination. Smart city environments may support this level
of integration, yet smaller regions may face resource and system-maintenance limitations. Cybersecurity,
data protection, signed model and threshold updates, and control of reopening authority are also important
when infrastructure data are processed across distributed systems [33–35].

Future research should begin with the staged validation protocol in Section 3.11 rather than an
immediate autonomous deployment. Simulation and hardware-in-the-loop studies are needed to quantify
latency, false alarms, missed detections, probability calibration, uncertainty escalation, and communication-
loss behavior. Shadow-mode field pilots are then needed to compare recommendations with professional
assessments. Hybrid modeling approaches that combine physics-based and data-driven methods may
improve reliability and interpretability [31,32]. Further work should also examine adaptive but agency-
governed thresholds, aftershock updating, model drift, digital-twin integration, and maintenance of sensor
and edge hardware. These staged studies should generate the empirical datasets required to support the
quantitative analysis that is outside the scope of the present theoretical paper.

Overall, the paper provides a conceptual and validation-ready design specification for rapid post-
earthquake bridge management. The proposed integration could support faster information processing,
improved coordination, and more consistent safety evaluation if its models, thresholds, latency, and
organizational procedures are successfully validated. No claim of operational effectiveness is made before
that validation.

5 Conclusion
The principal contribution of this study is a traceable, validation-ready conceptual framework that inte-

grates bridge-specific sensing, edge analytics, central context and network fusion, artificial intelligence-based
screening, uncertainty management, professional oversight, and city-level post-earthquake coordination
within one operational architecture. Beyond a high-level concept, the framework specifies design require-
ments, edge-cloud task allocation, a reference model stack, time-series processing, reliability-weighted
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evidence fusion, confidence and uncertainty records, parameterized decision rules, communication-loss
behavior, and professional-assessment and reopening controls.

This specification provides a reproducible basis for testing how provisional bridge-state recommenda-
tions can be generated and escalated without treating automated outputs as final engineering judgments. Its
contribution is therefore methodological rather than empirical: it defines the system logic, interfaces, safety
constraints, and validation pathway needed to move future work from conceptual design toward simulation,
hardware-in-the-loop evaluation, and pilot implementation.
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