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Abstract

Bridge health assessment and deterioration prediction are essential for traffic safety and
maintenance planning. However, conventional bridge evaluation still relies heavily on ex-
pert judgment and heuristic rules, limiting objectivity and long-term forecasting capability.
This study proposes a physics-constrained multi-task learning—semi-Markov framework
for bridge condition assessment, multi-year deterioration forecasting, and risk-aware main-
tenance prioritization. Guided by the Highway Bridge Technical Condition Rating Code,
the proposed model jointly predicts health grade, defect type, and severity from inspection
item/defect entry records, improving assessment robustness through cross-task informa-
tion sharing. The predicted health states are then incorporated into a physics-constrained
semi-Markov model to forecast bridge deterioration over a three-year horizon, and the
current and predicted states are further used for maintenance prioritization. Experiments
on real bridge inspection data show that the proposed model achieves test accuracies of
95.20%, 99.67%, and 99.72% for health grade, defect type, and severity, respectively, with
a Cohen’s kappa of 0.872, while the proposed semi-Markov model achieves a three-year
prediction accuracy of 95.4% and a weighted accuracy of 99.1%. Comparative and abla-
tion studies further demonstrate the effectiveness of the proposed framework for bridge
lifecycle management.

Keywords: bridge condition assessment; deterioration prediction; multi-task learning;
semi-Markov modeling; risk-aware maintenance prioritization

1. Introduction

Transportation infrastructure is a critical foundation for socioeconomic develop-
ment [1], and bridges, as indispensable components of highway networks, play an essential
role in public welfare and economic stability [2,3]. According to the Ministry of Transport’s
2024 Statistical Bulletin, approximately 28,700 bridges were added to the national highway
network in that year alone. As bridges age, material degradation [4], connection damage [5],
and other forms of deterioration gradually accumulate, posing increasing challenges to
structural safety and serviceability. Nevertheless, bridge maintenance practice still largely
follows a reactive “detect-and-fix” paradigm [6], which is often associated with delayed in-
tervention [7], inefficient resource allocation [8], and limited ability to satisfy differentiated
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maintenance needs [9]. In this context, reliable bridge condition assessment, deterioration
forecasting, and maintenance prioritization are essential for intelligent and fine-grained
infrastructure lifecycle management.

Existing bridge studies have gradually evolved from structural behavior analysis to
condition evaluation, deterioration modeling, and maintenance decision support. Earlier
research mainly focused on the mechanical behavior of specific bridge types; for example,
Jia et al. investigated the dynamic behavior and seismic performance of the Panzhong
Bridge under different auxiliary pier configurations [10]. More recent studies have shifted
toward component-level deterioration analysis, such as the work of Greco et al. on re-
inforced concrete bridge decks [11]. At the same time, artificial intelligence has been
increasingly introduced into bridge structural health monitoring and condition assess-
ment. Prakash et al. reviewed Al-integrated technologies for structural health monitoring
of concrete bridges [12]. Yu et al. developed a hybrid approach for automated bridge deck
defect identification using ground penetrating radar data [13], while Jiang et al. proposed a
lightweight object detection network for multi-damage recognition of concrete bridges in
complex environments [14]. Image-based deep learning methods have also been applied to
more specific bridge inspection tasks. For example, Ameli et al. used Mask R-CNN and
YOLOVS for steel bridge corrosion segmentation and condition rating [15], Huang et al.
proposed BridgeNet for multiclass bridge surface damage detection and segmentation [16],
and Pokhrel et al. used UAS-collected images with CNN and Vision Transformer models
for automated concrete bridge deck damage detection [17]. Beyond image-based inspection,
Wang et al. developed a deep learning-based bridge condition assessment method through
fusion of multi-type inspection data [18].

In parallel with these data-driven inspection studies, other researchers have focused
on bridge reliability analysis, deterioration forecasting, and maintenance decision support.
Chen et al. proposed a hybrid framework combining the extended finite element method,
artificial neural networks, and Monte Carlo simulation for fatigue crack and reliability
analysis [19], and Miao et al. developed a bridge performance assessment method based
on long short-term memory networks, temporal pattern attention, and a hybrid hidden
Markov model [20]. In addition, maintenance prioritization methods such as the fuzzy
analytic hierarchy process [21] and multi-attribute decision-making [22] have been applied
to support bridge maintenance planning. To further clarify the research gap, representative
studies related to bridge defect detection, condition assessment, deterioration prediction,
uncertainty modeling, and maintenance decision support are systematically compared
in Table 1.

As summarized in Table 1, although existing studies have contributed to bridge
structural analysis, defect detection, deterioration modeling, and maintenance decision
support, several limitations remain. First, many studies focus on current bridge condition
assessment or defect identification, while the explicit integration of current-state evalu-
ation with future-state forecasting remains insufficient. Second, although data-driven
and deterioration-oriented models have improved condition prediction, their outputs are
not always directly connected with engineering transition constraints and maintenance
decision processes. Third, maintenance prioritization is often based on current condition
indicators or expert-defined weights, while predicted deterioration trajectories, uncertainty,
traffic exposure, and cost-benefit considerations are not fully incorporated. Therefore, a
unified framework that can jointly support bridge condition assessment, deterioration
forecasting, and risk-aware maintenance prioritization is still needed.

To address the above limitations, this study proposes a physics-constrained multi-task
learning-semi-Markov framework for bridge condition assessment, deterioration forecast-
ing, and risk-aware maintenance prioritization [23,24]. Specifically, a Transformer-based
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multi-task learning module is constructed to jointly predict health grade, defect type,
and severity level from bridge inspection item/defect entry records, thereby enhancing
cross-task information sharing and improving the consistency of bridge condition eval-
uation [25-28]. On this basis, a physics-constrained semi-Markov chain (SMC) model
is established by incorporating historical inspection information, deep-learning-derived
initial states, Bayesian sojourn-time modeling, and engineering transition constraints so as
to forecast bridge health trajectories over a three-year horizon. Furthermore, to support
maintenance planning, the current and predicted bridge states are incorporated into a
risk-aware priority evaluation framework whose composite weights are determined by
combining the analytic hierarchy process and entropy weighting [29-31], together with
uncertainty adjustment and cost-benefit considerations [32,33]. Finally, comparative ex-
periments, ablation studies, temporal validation, and sensitivity analysis are conducted to
evaluate the effectiveness and practical applicability of the proposed framework [34]. The
proposed framework is expected to provide practical decision support for bridge condition
assessment, deterioration forecasting, and lifecycle maintenance management.
The main contributions of this study are summarized as follows:

(1) A multi-task deep learning framework is developed for bridge condition assessment,
in which health grade, defect type, and severity are jointly predicted from bridge
inspection data. By exploiting cross-task information sharing, the proposed framework
improves the robustness and consistency of bridge condition evaluation.

(2) A physics-constrained semi-Markov chain model is established for bridge deterioration
prediction. By incorporating deep learning-derived initial states, Bayesian sojourn
time modeling, and engineering transition constraints, the proposed model enables
multi-year forecasting of bridge health trajectories.

(3) An integrated risk-aware maintenance prioritization framework is constructed by
linking current condition assessment with future deterioration prediction. The pre-
dicted results are further incorporated into a maintenance prioritization scheme that
combines the analytic hierarchy process and entropy weighting, thereby supporting
more rational and forward-looking bridge maintenance planning.
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Table 1. Systematic comparison of representative studies on bridge condition assessment, deterioration forecasting, and maintenance decision support.

Main Limitation/Remaining

Study Input Data Prediction Target Deterioration Model Uncertainty Handling Maintenance Prioritization Challenge
Structural parameters of a Focuses on structural behavior of
Jia etal. [10] cablg—stayed br1<?lge with Dyr.lanpc behavior and Not considered Not explicitly modeled Not considered a specific b.r 1.dge type rather than
different auxiliary seismic performance condition assessment
pier configurations or forecasting.
Reinforced concrete bridge Component-level . . Foc.uses. on compongnt-level
S Not considered as a lifecycle . . deterioration, without integrated
Greco et al. [11] deck/component-level deterioration or Not explicitly modeled Not considered .
multi-task assessment and

bridge damage information

damage behavior

deterioration model

maintenance prioritization.

Published studies on
Al-based structural health
monitoring of
concrete bridges

Prakash et al. [12]

Review of Al-integrated
bridge SHM technologies

Not applicable

Discussed conceptually

Discussed generally

Provides a review of Al-based
SHM but does not propose
an integrated
assessment—forecasting—decision
framework.

Ground penetrating radar

Yuetal [13] signals from bridge decks

Automated bridge deck
defect identification

Not considered

Mainly reflected through
classification performance
and model robustness

Not considered

Focuses on current defect
identification, without
bridge-level deterioration
forecasting or
maintenance prioritization.

Bridge damage images

Jiang et al. [14] collected under complex

Multi-damage recognition
of concrete bridges

Not considered

Mainly evaluated through
detection performance
under complex

Not considered

Focuses on image-based damage
detection under complex
environments, without

environments backgrounds future-state forecasting.
Performs image-based corrosion
Ameli et al. [15] Stee} br}dge Corrosion segmentation Not explicitly modeled Not explicitly considered Not included rating but. does not integrate
corrosion images and condition rating deterioration forecasting and
maintenance decision support.
Integrates multi-type inspection
Bridee condition data for condition assessment but
Wang et al. [18] Multi-type inspection data 5 Not modeled Limited Not included does not include transition

assessment

forecasting or
maintenance prioritization.

Crack and reliability

Chen et al. [19] simulation data

Fatigue crack and reliability

XFEM-ANN framework

Monte Carlo reliability
analysis

Not considered

Addresses fatigue reliability but
not multi-task condition
assessment or
maintenance prioritization.

Sparse bridge

Miao etal. [20] inspection data

Bridge performance
assessment and hidden
condition-state inference

Hybrid
LSTM-attention-HMM
model

Partly considered through
hidden-state
probabilistic inference

Not explicitly considered

Includes temporal modeling but
does not integrate risk-aware
maintenance prioritization.
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Table 1. Cont.

Main Limitation/Remaining

Study

Input Data

Prediction Target

Deterioration Model

Uncertainty Handling

Maintenance Prioritization

Challenge

Shen et al.; Lu et al.

[21,22]

Expert judgment, safety
assessment indicators, and
multi-attribute engineering

decision indicators

Bridge safety assessment
and engineering
decision support

Not considered

Partly reflected through
fuzzy evaluation or
indicator weighting

Partly considered through
safety-oriented or
multi-attribute ranking

Supports maintenance ranking
but relies mainly on current
indicators rather than predicted
deterioration trajectories.

Liu S.-S. et al. [24]

Bridge lifecycle
maintenance information
and maintenance-related

constraints

Lifecycle maintenance
scheduling of
bridge infrastructure

Optimization-oriented
lifecycle maintenance model

Considered indirectly
through optimization
setting

a two-stage maintenance
scheduling model

Does not fully integrate multi-task
assessment, uncertainty—aware
forecasting, and
cost-benefit prioritization.

This study

Official bridge inspection
item/defect entry records,
defect descriptions, traffic
exposure, temporal
descriptors, and technical
condition information

Health grade, defect type,
severity, multi-year health
state, and
maintenance priority

Physics-constrained
semi-Markov model guided
by multi-task deep learning

Bayesian sojourn-time
modeling, prediction
confidence, and
entropy-based
uncertainty adjustment

Risk-aware prioritization
using AHP

Case-study dataset; external
validation with broader bridge
inventories is still needed.
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2. Materials
2.1. Data Sources

The bridge inspection dataset used in this study was provided by the Henan Provincial
Department of Transportation and covers 58 large and extra-large bridges from 2018 to
2024. The original data consist of two source tables: a bridge-level condition rating table
and an inspection item/defect detail table. The bridge-level table records one bridge at
one inspection date and includes bridge attributes, traffic volume [35], superstructure,
substructure, and deck-system condition ratings, overall bridge technical condition grade,
and overall technical condition score evaluated according to the Highway Bridge Technical
Condition Rating Code (JTG/T H21-2011) [36]. The defect detail table records inspection
items or defect entries associated with a specific bridge, inspection date, component type,
component number, component defect type [37], defect count [38], defect location, and
textual defect description [39]. In this context, it should be noted that the Highway Bridge
Technical Condition Rating Code (JTG/T H21-2011) was used because the official inspec-
tion records in this study were evaluated under this Chinese bridge inspection standard.
However, the proposed framework is not limited to this specific code. For applications
in other countries or regions, the health-grade definitions, severity thresholds, and en-
gineering transition constraints can be recalibrated according to the corresponding local
bridge inspection standards, while the overall multi-task learning—semi-Markov modeling
framework remains applicable.

In this study, one “inspection record” refers to an inspection item/defect entry-level
observation after linking the two source tables, rather than an independent bridge-level
sample. Thus, multiple records may correspond to the same bridge and inspection date
when several components or defects are recorded during one inspection. After data
cleaning and linking, the final unified dataset contained 30,635 inspection item/defect
entry records. These bridges were selected because they have relatively complete official
inspection records over a seven-year period and provide the key information required for
multi-task condition assessment, longitudinal deterioration forecasting, and maintenance
prioritization. It should be noted that the dataset is not intended to represent all bridge
types or regions but rather serves as a practical case set for assessing the feasibility and
applicability of the proposed integrated workflow using official bridge inspection data.

2.2. Data Processing

The two source tables were linked using the bridge identifier and inspection time, after
converting these keys into consistent numeric and datetime formats. Completely duplicated
rows were removed, whereas records with the same bridge identifier and inspection time
but different components, defect types, defect locations, or defect descriptions were retained
to avoid losing valid inspection item information.

The bridge-level condition rating table was left-joined to the inspection item/defect
detail table so that bridge-level attributes, traffic volume, component ratings, overall tech-
nical condition grade, and overall score were attached to each corresponding inspection
item/defect entry record. Therefore, the merged dataset remained organized at the in-
spection item/defect entry level. To reduce potential data leakage, all subsequent data
splitting was conducted by bridge identifier, ensuring that records from the same bridge
were assigned to only one subset.

The detailed record counts during data cleaning and joining are summarized in Table 2.
No records were removed due to missing bridge identifier or inspection time. After remov-
ing exact duplicate rows, 28,473 inspection item/defect detail records and 140 bridge-level
condition rating records were retained. Repeated bridge identifier—inspection time keys
were not automatically treated as duplicates. In the inspection item/defect detail table,
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such records generally represented different components, defect types, defect locations,
or defect descriptions from the same bridge inspection and were therefore retained. In
the bridge-level condition rating table, the core target label fields, including the overall
bridge technical condition grade and overall bridge score, were checked and found to be
consistent among records with similar keys. Therefore, no conflicting target labels were
introduced, and the left join produced 30,635 linked inspection item/defect entry records.

Table 2. Summary of source tables, data cleaning, and joining process.

Data Observational Main Contents Original Removed Due to Exact Duplicate Records Re-
Table/Step Level Records Missing Keys Rows Removed  tained/Generated
Bridge identifier,
inspection time,
component type,
I . . component number,
nspection Inspection defect tvpe. defect
item/defect  item/defect entry o e 29,914 0 1441 28,473
detail table level ocation, detec
description, rating scale,
deduction score, crack
width, affected area, and
geometric measurements
Bridge attributes, traffic
volume, superstructure,
Bridge-level Bridge- substructure, and
condition rating inspection-date deck-system ratings, 146 0 6 140
table level overall technical condition
grade, and overall bridge
score
' - Inspection 'Defect 'detailhrecords
Lmkded unified item,/ defect entry linked .V\{l’[h brlfige-level _ . _ 30,635
ataset condition rating and

level after joining

traffic information

Note: Same-key non-identical records refer to records sharing the same bridge identifier and inspection time but
not being completely identical across all fields. In the bridge-level condition rating table, the core target label fields
were checked and found to be consistent among same-key records. Therefore, these records did not introduce
conflicting target labels.

Missing traffic volumes were imputed using the median value, with an additional
missing-value flag retained. The median was used because traffic volume data may be
affected by extreme values, and median imputation provides a more robust substitute than
mean imputation for incomplete continuous records. Missing defect attributes were filled
using group-wise means stratified by health grade and defect type.

According to the Highway Bridge Technical Condition Rating Code, the overall bridge
scores are mapped to five health grades: Excellent (95-100), Good (80-95), Attention (60-80),
Poor (40-60), and Dangerous (<40). Defect-type labels were assigned using a manually
curated keyword lexicon, as summarized in Table 3. The lexicon was constructed by first
enumerating the unique defect-type terms appearing in the original inspection item/defect
detail table and then mapping them into broad engineering categories, including structural
component defects, functional component defects, apparent surface defects, no defect, and
other defects. Ambiguous terms were resolved using contextual keywords and a priority
rule of structural component defects > functional component defects > apparent surface
defects. The lexicon was designed to cover the defect-type terms observed in the present
official inspection dataset rather than to serve as an exhaustive universal bridge defect
ontology. For applications to other regions, bridge types, or inspection-code systems, the
same enumeration—-mapping procedure can be used to extend or recalibrate the lexicon.
In line with the Urban Bridge Inspection and Evaluation Code, severity is classified into
three levels (light, moderate, severe) using a weighted combination of crack width (<0.1
mm, 0.1-0.3 mm, >0.3 mm), affected area (<1 m?, 1-5 m?, >5 m?), and rating scale (<2,
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34, >4), yielding a final weighted severity score. To clarify the relationship between label
construction and input variables, the overall bridge technical condition score and grade
were used only to construct the health-grade labels and were not included as input variables
for health-grade prediction; therefore, direct label leakage from the technical condition score
was avoided. For the severity task, the labels were derived from measured defect attributes,
including crack width, affected area, and rating scale, according to engineering threshold
rules in relevant bridge condition assessment standards. These measured attributes were
retained as input variables because practical severity assessment is inherently measurement-
based. Therefore, the severity task is interpreted as a rule-consistent auxiliary assessment
task rather than an entirely independent prediction task detached from these measurements.

Table 3. Keyword lexicon and priority rules for defect-type categorization.

Defect-Type Category

Keyword Lexicon/Matching Terms Ambiguous-Case Handling

Crack, breakage, damage, deterioration,
corrosion, spalling, carbonation, void,

Structural component defects

hole, exposed reinforcement, anchorage,
prestress, masonry, strength deterioration,
deflection, fire damage, concrete,
reinforcement, deformation, structural
displacement, settlement, displacement,
scouring, undermining, erosion,
protective layer, failure, defect

Terms such as “missing” or “collision
damage” were assigned to this category
when they were associated with concrete,
reinforcement, structural components, or
protective layers.

Functional component defects

Bearing, expansion joint, drainage,
railing, protection facility, coating,
blockage, hanger, sheath, drainpipe,
guide channel, sign, sliding plate, PTFE
plate, wear, collision damage, missing

Terms such as “missing” or “collision
damage” were assigned to this category
when they were associated with railings,

bearings, drainage facilities, signs,
expansion joints, or other
functional components.

Apparent surface defects

Honeycombing, pitting, stain,
discoloration, surface contamination,
uneven surface, asphalt
bleeding, seepage

“Seepage” was assigned to this category
when it appeared as a surface or
appearance-related defect without
additional structural-damage keywords.

Empty strings or missing defect-type

No defect Empty or missing defect type description entries were assigned to the
no-defect category.
Unmatched terms were assigned to the
Other defects Terms not matched by the above lexicon other-defect category for

diagnostic checking.

Note: The listed terms are matching keywords used for lexicon-based categorization, not an exhaustive list of all
raw defect descriptions. For compound descriptions containing multiple keywords, the priority rule structural
component defects > functional component defects > apparent surface defects was applied.

Each numerical feature (e.g., crack width, affected area, traffic volume) undergoes
nonlinear transformations, interaction construction, and severity scoring, followed by
1st-99th percentile clipping to suppress outliers. The textual “defect type” field is vectorized
with TF-IDF [40] and fused with the numerical features to form a multimodal input. The
maximum vocabulary size was set to 3000, with a minimum document frequency of 2
and a maximum document frequency ratio of 0.95. After fitting on the training set, the
resulting vocabulary contained 102 terms. The fitted vectorizer was subsequently applied
unchanged to the validation, test, and new inspection records. Terms contained in the
training vocabulary are encoded normally, whereas previously unseen terms are ignored.
For applications involving substantial new defect terminology, the TF-IDF vocabulary
should be updated or refitted using representative local inspection records, followed by
model retraining. The resulting text features are fused with the numerical features to form
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a multimodal input. In this study, the TF-IDF text vector was treated as a static inspection
item/defect entry context rather than as a temporally varying text sequence. Complete
per-timestep textual histories were not consistently available for all inspection records;
therefore, temporal variation was represented by the numerical inspection sequence and
temporal descriptors, including inspection interval, days since first inspection, calendar
year, and state-change flags. We further introduce temporal descriptors [41]—inspection
interval, days since first inspection, calendar year, and state-change flags—aggregating
discontinuous yearly records, interpolating missing years, and constructing four-step
temporal windows to feed the downstream deep-learning and semi-Markov models. Labels
for the three tasks are standardized: health grades map “Excellent — Dangerous” to 0—4;
defect types map structural, functional, surface, and no-defect categories to 0-3; severity
encode light, moderate, and severe as 0-2.

A three-dimensional stratified grouping scheme based on bridge ID was used for
splitting, with an approximate 6:2:2 ratio for training/validation/testing [42]. All records
from the same bridge were assigned to a single subset, and the split was optimized to
minimize discrepancies in the joint distribution of the three labels; distributional consistency
and class coverage were prioritized over strict ratio matching, so minor deviations in
totals are expected. Given the severe class imbalance in the original dataset (Excellent 69,
Good 18,536, Attention 11,324, Poor 706, Dangerous 0), minority classes were augmented
according to bridge condition assessment standards and the joint distribution of health
grade, defect type, and severity. Because the original dataset contained no real Dangerous
samples, the generated Dangerous samples were treated as rule-constrained safety-critical
training scenarios rather than empirically observed Dangerous bridge records. These
synthetic records were assigned virtual bridge identifiers and were used only for training-
stage augmentation, while the validation and test sets were preserved as real inspection
data [43]. Therefore, the Dangerous samples were intended to expose the model to plausible
extreme deterioration patterns and reduce majority-class bias during training but were not
used to validate Dangerous-class prediction performance. After augmentation, class counts
were as follows: Excellent 2000; Good 18,536; Attention 11,324; Poor 2000; Dangerous 1000.
The final split statistics for each task are summarized in Tables 4-6. Although the grouped
split reduces bridge-level data leakage, it may lead to uneven class distributions in the
validation and test subsets because rare classes are concentrated in a limited number of
bridge-level units. Therefore, classes absent from the validation or test subsets were not
interpreted as independently validated. The corresponding limitation was considered
when interpreting the class-specific evaluation results.

Table 4. Distribution of the health level dataset.

Class Training Validation Test
Poor 1663 0 0
Excellent 1481 7 13
Dangerous 780 0 0

Attention 5345 4446 1533

Good 12,366 1941 4229

Table 5. Distribution of the defect type dataset.

Class Training Validation Test
Functional 2855 321 1015
component

No defect 1018 0 0
Structural component 15,838 5873 4362
Surface defect 1924 200 398

https:/ /doi.org/10.3390/infrastructures11070254
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Table 6. Distribution of the severity dataset.

Class Training Validation Test
Moderate 4030 317 331
Mild 16,778 6077 5444
Severe 827 0 0

To provide a clearer overview of the dataset organization, Figure 1 summarizes the data
schema and preprocessing workflow, including data joining, cleaning, feature construction,
label generation, grouped data splitting, and training-stage synthetic expansion.

(2018-2024, 58 bridges,

30,635 records)

‘ Official bridge inspection records

I

!

Bridge-level information
Bridge ID
Inspection date
Traffic volume
Technical condition score

Defect-level information
Component defect type
Defect location
Defect count
Defect description

Crack width
Affected area
 — o
RS
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by bridge |ID and inspection date
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Maintenance prioritization
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Outputs
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-
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model

P
‘ Multi-task deep learning ‘ ‘

Deterioration prediction
Risk-aware maintenance
prioritization

Figure 1. Data schema and preprocessing workflow of the bridge inspection dataset.

The scarcity of bridge inspection samples in rare states reflects an inherent charac-
teristic of real-world bridge management data. Bridges in service rarely remain in an
“Excellent” state for extended periods, whereas bridges assessed as “Dangerous” are usu-
ally closed, traffic-restricted, or subjected to immediate maintenance intervention, limiting
the accumulation of such observations in routine inspection records [44]. As a result, the
original dataset is highly imbalanced, with most samples concentrated in the Good and
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Attention states. To reduce majority-class bias during training, rare-state samples were
synthetically expanded according to the Highway Bridge Technical Condition Rating Code
and the joint distribution of health grade, defect type, and severity. The synthetic records
were labeled as virtual bridges and used exclusively for training-stage class balancing,
while the validation and test sets contained only real inspection records. Although real
Poor records were present in the original dataset, no Poor samples were included in the
validation or test subsets after bridge-grouped splitting. In addition, the original dataset
contained no real Dangerous samples, while the No-defect and Severe classes were also
absent from the validation and test subsets. Therefore, the performance of the model on
the Poor, Dangerous, No-defect, and Severe classes was not empirically validated in the
present evaluation. Synthetic augmentation cannot substitute for validation using real
rare-state inspection records, and additional external validation based on broader bridge
inventories is required.

3. Methods
3.1. Multi-Task Deep Learning Architecture

The multi-task deep learning model adopts a three-layer architecture—multi-source
feature backbone, multiscale semantic fusion, and multi-task decoding—which jointly

outputs health grade, defect type, and severity within a single network. The overall
framework is illustrated in Figure 2.

Multi Task Deep Learning Model Framework Diagram

Backbone Neck Module Details

Transformer Block Multi-Scale Context

Seqinput

Dense Block Attention Gate

y— = = . - - -
_— !

Timesteps: T | Attention Heads: 4 | FFN Dim: 112 | Dropout: 0.25~0.38 | Loss: CE + Ordinal + KD

Figure 2. Multi-task deep learning model architecture.

The three-layer architecture was adopted to balance feature representation, temporal
semantic modeling, and task-specific prediction. The first layer integrates heterogeneous
numerical, textual, and temporal inspection features into a unified representation. The
second layer captures multiscale bridge condition semantics, including the latest inspection
state, short-term deterioration pattern, and long-term historical tendency. The third layer
generates task-specific predictions for health grade, defect type, and severity while main-
taining cross-task information sharing. This design is more suitable than a single-stage
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backbone

TimeDistriduted

structure for modeling heterogeneous bridge inspection records, while keeping the model
capacity within a moderate scale, as quantified below. The capacity of the final model was
quantified by parameter counting. The proposed model contains 763,189 total parameters,
including 760,997 trainable parameters and 2192 non-trainable parameters, corresponding
to approximately 2.91 MB. Thus, although the model includes Transformer-based temporal
fusion and multi-task output heads, its parameter scale remains moderate. Dropout, batch
normalization, layer normalization, early stopping, and bridge-level grouped splitting
were also used to reduce overfitting risk.

3.1.1. Multi-Source Feature Backbone Layer

The multi-source feature backbone targets numerical time-series inputs and textual
semantics, delivering an end-to-end unified representation while modeling long-range
temporal dependencies; its architecture is shown in Figure 3 [45].

Dense 112 Dense 56

BatchNorm

BatchNorm
—
Dropout (0.35) Dropout (0.35) —
— — same as Layer,
. 12
TimeDistriduted ..
Relu Activation Donse Relu Activation
. Transformer
- g Layer2

. Concat
(Tx112) Transformer
Layer1

F: i FEN
I Multi-Head Attention (Dense112—Denset12
{4heads key_dim=112, Relu)

i Dropout=0,26)

BatchNorm -
> | Reshapel
Dropout (0.35) (1, 56)

Relu Activation

Figure 3. Architecture of the multi-source feature backbone layer.

The backbone ingests both numerical time-series and textual semantic features: the
two modalities are processed in parallel branches to extract per-step representations, after
which the TF-IDF-encoded text branch is compressed through fully connected layers,
tiled across timesteps, and aligned with the numerical branch at each step, producing a
T x 112 cross-modal sequence. In the fusion layer, the processed text vector was broadcast
to each numerical time step before concatenation with the temporal numerical features. This
tiling operation was used as static-context conditioning, not as temporal text replication. It
allows each numerical time step to be interpreted under the same defect-description context
but does not imply that the same textual description was observed at every historical time
step. Temporal variation is modeled through the numerical time-series branch.

The concatenated sequence is successively processed by two Transformer encoder
layers, each structured as “Multi-Head Attention — Add & Layer Normalization — Feed-
forward Network — Add & Layer Normalization.” Attention is computed following
Equation (1), and dropout is applied before every residual connection to suppress over-
fitting. This backbone layer harmonizes the heterogeneous components and multiscale
temporal dependencies, thereby establishing a unified semantic foundation for the subse-
quent multi-task collaboration.

Attention(Q, K, V) = softmax QiKT \Y (1)
o Vdx

In this formulation, Q, K, and V denote the query, key, and value matrices, respectively,
while dy represents the feature dimension of each attention head (32 in this study).
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3.1.2. Multiscale Semantic Feature Fusion Layer

The multiscale semantic feature fusion layer (Figure 4) receives the backbone output
and aligns semantics across temporal scales and task dimensions. One branch of the
Transformer sequence undergoes global average pooling followed by a shared dense
stack to compress the representation into a 40-dimensional shared semantic vector. The
complementary branch constructs a multiscale contextual module that preserves four
aggregation strategies: “attention snapshots, most recent timestep, short-term average, and
global average,” where the attention snapshot is computed according to Equation (2). To
examine the individual contribution of each temporal aggregation strategy, an ablation
study was conducted by retaining only one aggregation branch at a time, including attention
pooling, recent timestep, short-term average, and global average. The results are reported

in Section 4.6.2.
exp(f(he)+By)

T
catt, = _oihy, o =
"=l Yoy exp(f(hu)+Bi)

)

Neck
Transformer sequence
- features (Tx112)
= v
BN+Dropout 0.35- Attention Snapshot
| === (time-decayed
E attention pooling)
— i Recent Step
Global Dense56+
Backbone | A ag — ;N+Dr«:poy}0.30"'
Transformer Pooling - Short-term Mean
sequence | ] I
features =
(Tx112) —
(avg over time) Shared Dense %% _— B Global Mean
) Dense40+
BN+Dropout0.25

Multi-Scale Context

H-Ctx (Healthy)

T

Concat FC
(FC—BN—Relu)

sot _

y

D-Ctx (Defect)

u/!

S-Ctx (Severity)

Figure 4. Architecture of the multiscale semantic feature fusion layer.

In this formulation, catt, denotes the aggregated global attention feature vector, hy
represents the feature vector at time step (t), o is the attention weight for time step (t),
and f; is the learnable bias associated with time step (t). The most recent timestep channel
captures the instantaneous health state, as formulated in Equation (3):

Crecent = Dt 3)

Here, crecent denotes the aggregated feature vector from the most recent timestep, while
the short-term and global means—defined by Equations (4) and (5), respectively—characterize
the pathology evolution trend and its long-term baseline.

1t
Cshort = EZt—T+1 hy (4)
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Here, cshort denotes the aggregated feature vector over the short temporal window,
and + Y represents the arithmetic mean pooling operation.

It
Cglobal = thzl hy ®)

Here, cgioba denotes the globally aggregated temporal feature vector, and %Z corre-
sponds to the global arithmetic mean pooling operation.

After concatenation, the four feature branches are passed through a fully connected
layer to yield three semantic categories—health (H-Ctx), defect (D-Ctx), and severity (S-Ctx).
These task-specific semantics, together with the shared semantic representation, feed into
the decoding layer to enable cross-task collaboration.

3.1.3. Multi-Task Decoding Layer

The multi-task decoding layer (architecture shown in Figure 5) adopts the health grade
as the primary branch, with defect type and severity as auxiliary branches. After concate-
nating the backbone output with the multiscale temporal context, the joint representation
feeds into the three branches separately, while Stop-Gradient and knowledge distillation
are employed to facilitate cross-task knowledge sharing [46].

Head
TeaCher [ [
R > FC Heathkp s
SDhared P (Dense—Softmax) (KL loss)
ense Stop-Grad inputs
B x B
DIS- e Softmax H
Stop-Grand” ) — —— ‘ v
K | Y Y —
! —- = | ponsel = | pense — m—pp Health Level
: block block (5 classes)
: / A Ordinal
Health concat logits
; S{ééfersd Cross-task ® Sigmoid- Dense120+ Dense88+
Stop-Grad “oe--concat: Dense 168 BN+Dropout0.16 BN+Dropout0.12
P Dense168 (Relu) 7T e
Neck Y — Y2
Output: H
Shared :
Dense; — > Dense =P | Dense mp- | Densel | | ==— > et — Softmax - Defcc
H/DIS-Ctx block block block (acla
DEf!-{‘f‘. concat Dense56+ Densed0+ Dense32+ Dense36+
BN-+Droy 38 BN+Dropout0.32  BN+Dropout0.28 BN+Dropout0.32
Dense =P | Dense — Latent —  Softmax =g  Severity
block block (3 classes)
V J
Severity concat Dense84+ Dense68+ Dense60+

BN+Dropout0.24  BN+Dropout0.16 BN+Dropout0.14

Training schedule: Warmup Health—Joint Balance—Disaese Focus—Health Refine

Figure 5. Architecture of the multi-task decoding layer.

The defect type and severity branches each employ a fully connected stack to directly
output the four defect categories and three severities, respectively. Before feeding their
signals into the health branch, Stop-Gradient truncates the gradients so that only semantic
cues are retained.

The health-grade branch fuses the shared semantics, the health-specific context, and
the two auxiliary latent vectors, then passes them through a high-capacity dense block and a
channel attention gate Equation (6) to obtain recalibrated features. The subsequent residual
dense module produces two outputs: a Softmax probability head and an ordinal-logits head.
In the teacher-student consistency term, the teacher is not a separate pre-trained model
but an internal auxiliary branch generated within the multi-task network. Specifically, the
detached latent vectors from the defect-type and severity branches are concatenated with
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the shared representation and transformed through a fully connected layer followed by
Softmax to obtain the teacher probability distribution. The student probability distribution
is produced by the main health-grade branch. The KL-divergence term in Equation (7) is
used as an auxiliary consistency regularization term, while the Stop-Gradient operation
prevents the distillation loss from directly modifying the defect type and severity branches.

h = o(Wsh+b,) ©h (6)

Lxp=A- KL(P teacher| |pstudent) @)

where Pie,cher denotes the auxiliary teacher probability distribution generated from the
detached defect type and severity latent representations and the shared feature vec-
tor, and Pgydent denotes the student probability distribution produced by the main
health-grade branch.

A staged training schedule of Warmup Health — Joint Balance — Defect Focus
— Health Refine dynamically adjusts both the learning rate and the task weights [47],
preventing imbalance between the primary and auxiliary objectives while enhancing over-
all convergence stability. The four-phase training schedule was designed as a heuristic
curriculum-style strategy to improve training stability under severe class imbalance and
heterogeneous task difficulty, rather than being obtained through exhaustive validation-
set hyperparameter search. The phase lengths were selected to allow initial stabilization
of the primary health-grade branch, subsequent joint representation learning, auxiliary
task strengthening, and final health grade refinement. The learning rate was gradually
decreased across phases to reduce optimization oscillation, and the loss weights were
assigned according to task roles: the health grade and ordinal auxiliary losses were empha-
sized during the warm-up and refinement stages, while the defect type and severity losses
were strengthened in the middle stages to improve auxiliary semantic representation. The
validation set was used only for early stopping and training monitoring, and the test set was
kept untouched until final evaluation. The maximum number of training epochs was set to
80 only as an upper bound; training could terminate earlier through early stopping, and the
best validation loss weights were restored for final testing. The same predefined schedule
was applied consistently across the proposed model and related ablation experiments.

3.2. Deep Learning-Guided Semi-Markov Chain Model

This study couples the initial condition estimates produced by the multi-task deep
learning module with a physics-constrained semi-Markov chain (SMC) model for multi-
year bridge deterioration forecasting, as illustrated in Figure 6. The SMC was adopted
instead of a conventional Markov chain because bridge deterioration is influenced not only
by the current health state but also by the duration for which a bridge remains in that state.
Therefore, explicitly modeling state dwell time helps better represent the time-dependent
nature of bridge deterioration.

In the proposed framework, the deep learning module provides bridge-specific initial
state probabilities and risk-related information derived from health grade, defect type, and
severity prediction. These outputs are used to guide the SMC inference process. Physical
constraints are further incorporated into the transition matrix to ensure that the predicted
state evolution follows realistic engineering pathways, including state preservation, gradual
deterioration, and possible recovery after maintenance intervention. Dwell time is modeled
using a Bayesian Weibull distribution to characterize the variability of degradation duration
across health states [48,49]. Under these components, the proposed model iteratively
forecasts bridge health states over a three-year horizon.
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DL-Guided Semi-Markov Chain Model for Bridge Health Prediction
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Figure 6. Architecture of the deep learning-guided semi-Markov chain model.

3.2.1. Deep Learning-Guided Initial Conditions

In addition to outputting the probabilities for health grade, defect type, and sever-
ity, the multi-task deep learning module provides intermediate features from the health
branch and temporal context, which are used to initialize the SMC’s state distribution,
transition biases, Bayesian dwell time parameters, and prediction confidence (adaptive
threshold /conservative fallback).

With the guidance provided by these deep learning-derived quantities, the SMC is
equipped with individualized lifespan priors and confidence calibration prior to inference,
which substantially reduces initial bias and suppresses error amplification during long-
horizon rolling prediction.

3.2.2. State Dwell Time Statistics and Bayesian Weibull Fitting

To characterize the dwell properties of each health grade, this study retains only
the genuinely reliable state intervals from longitudinal inspection sequences, excluding
interpolated and abnormally short segments (<0.1 years), as trustworthy inputs for time
decay weighting and the transition matrix. The dwell time (Ti) for any health state (Si) is
modeled using a Weibull distribution [50], as expressed in Equation (8).

f(t [ A ki) 21}% <}\ii>ki1 exp [— <}\il>k] ®)

Here, A; is the scale parameter, and k; is the shape parameter. When sufficient samples
are available, conjugate Bayesian inference with a Gamma prior is used to estimate the
posterior mean and variance of (A;) and (k;); for limited samples (<3), empirical priors
are adopted to ensure a reasonable distribution for each state. During SMC inference, the
initial dwell time is either sampled directly or set to the expected value of the distribution,
and in Monte Carlo simulation, the remaining dwell time is sampled conditionally based
on the elapsed duration.
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3.2.3. Robust Transition Matrix and Engineering-Informed Physical Constraints

Building on the reliable dwell-time statistics, each state change is weighted by its
dwell duration, timestamp, and transition direction; extended dwell periods are amplified
with wg,,= 1+ B-log(1+ d), while short dwells receive a minimal weight. When the
sample size is adequate, a temporal decay term is further incorporated to emphasize recent
observations, as formulated in Equation (9).

Wiime = eXP( - YAt) )

v denotes the temporal decay coefficient, from which the observation matrix is derived,
as shown in Equation (10).

(k) (k)
ZkEDiaj WaurWtime

(k) (k)
Zj/ Z:kGDiaj' WaurWtime

Pops (1)) = (10)

Pops(i,j) denotes the observed probability of transitioning from state i to state j, and
D;_,; is the set of valid samples corresponding to that transition.

To correct the artificial inflation of deterioration probabilities caused by inspection
records that primarily document observed state changes, an engineering-informed transi-
tion prior was introduced. In this study, the term “physical constraint” refers to engineering-
consistent state evolution rules, including state persistence, predominantly gradual deterio-
ration, and possible recovery after maintenance intervention, rather than to a transition
matrix derived directly from first-principles structural mechanics.

With the health states ordered as S = [E, G, A, P, D], representing Excellent, Good,
Attention, Poor, and Dangerous, respectively, the engineering-informed prior matrix is
explicitly defined as shown in Equation (11):

0.920 0.068 0.0096 0.0024 0
0.018 0.880 0.0840 0.0144 0.0036
Peng = [0.010 0.100 0.8000 0.0700 0.0200 (11)
0 0.025 0.1000 0.7500 0.1250
0 0.010 0.3000 0.0600 0.9000

The diagonal entries represent state retention probabilities, while the remaining proba-
bility mass is assigned primarily to adjacent deterioration pathways and, where applicable,
to limited recovery pathways representing maintenance intervention [51]. These entries
are engineering-informed calibration values rather than universal physical constants. They
were introduced to correct the change-recording bias of the observed transition matrix and
to preserve gradual and interpretable state evolution.

The annual hybrid transition matrix is defined as shown in Equation (12):

0.85t=1
P(t) — Détpeng + (1 —_ lxt)Pobsr Ny = {Oso’t = 2,3 (12)

Here, P, is the transition matrix estimated from the historical inspection sequences,
and a; controls the contribution of the engineering-informed prior. The first-year value is
slightly higher to suppress implausible short-term state changes caused by sparse transition
observations, whereas the lower values in Years 2 and 3 allow the observed deterioration
information to contribute more strongly to the accumulated multi-year trajectory. These val-
ues were treated as empirically selected engineering parameters rather than as parameters
derived from first principles.
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Bridge age is incorporated through the following bounded piecewise correction factor
shown in Equation (13):

1.0, a <20
g(a) = ¢140.015(a — 20),20 < a < 40, g(a) € [1.0,1.8] (13)
1.3+ 0.01(a — 40),a > 40,

where a denotes the bridge age at the corresponding forecasting year. Before row normal-
ization, the age-adjusted transition entries are calculated as shown in Equation (14):

o [r-ors@ - DLi=t 50
pij = P?ﬂ®4>b Fﬁm: ﬂn (14
b ()i <1, =i

Thus, increasing bridge age moderately reduces state retention, increases transitions
toward poorer states, and decreases recovery probabilities. The 20- and 40-year breakpoints,
the associated slopes, and the upper bound of 1.8 are engineering calibration settings
used to impose a gradual and bounded age effect; they are not intended as universal
deterioration thresholds and should be recalibrated when the framework is applied to other
bridge inventories [52]. After row normalization, the resulting matrix preserves observed
differences while embedding the physical constraints of “retention-slow deterioration—
potential recovery.”

3.2.4. Time-Dependent Transition Probabilities and Deep Learning Correction

Based on the hybrid matrix Ppyprig, this study further makes the transition probabilities
explicitly dependent on dwell time, forecast year, and deep learning-derived risk features.
The baseline transition probability from any state 5; to candidate state S; is denoted as pj;.
A temporal factor wime = 1 + ¢(hj(d)) is defined according to the Weibull hazard rate
Equations (15) and (16), whereby high-probability transitions are slightly enhanced and
low-probability transitions are substantially amplified.

_ k-1
mw)—i(i> (15)
Wime= 1 + d)(h1<d>) (16)

The defect type, severity, and traffic weights are then combined to form a correction
factor Equation (17).

Cij = (a1Wdis T a2Wsev + a3Wirar) - [14 prtanh((wais — 1) (Wsev — 1))]

Linear term (baseline contribution) ~ Nonlinear interaction (defectxseverity) 17)

[1+ pZtanh((Wsev - 1)(Wtraf - 1))}

Nonlinear interaction (severity x traffic)

The coefficients a and p are adaptively adjusted according to the forecast year. The
final time-dependent transition probability is given by 1511- = Pjj * Wtime * Gjj-

3.2.5. Adaptive Decision-Making and Monte Carlo Inference

To balance the accuracy and uncertainty of multi-year rolling forecasts, the model
iterates year by year: the initial state and dwell time for the first year are provided by the
deep learning outputs, while in subsequent years, the probability distribution is propagated
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from the previous year. A threshold is set based on the predicted confidence, as shown
in Equation (18).
Gt: f(t, COl’lft, St)) (18)

Here, conf; denotes the prediction confidence for the current year. The threshold is set
highest at t = 1 (conservative, favoring status quo) and lowest at t = 3 (allowing reasonable
deterioration forecasts). If a cross-grade transition lacks sufficient confidence support or
the severity weight is low, a conservative fallback is triggered.

The SMC performs Monte Carlo simulation to infer future state distributions: for each
run, it starts from the current bridge condition, samples a dwell time from the posterior
distribution, and then recursively applies the transition probability matrix to reach the
target year [53]. Repeating this process hundreds of times yields the empirical distribution,
most frequent state, and weighted accuracy for each forecast year. If the Bayesian mode is
enabled, the Weibull scale and shape parameters are randomly drawn prior to simulation
to capture dwell time uncertainty.

3.3. Maintenance Prioritization Assessment

After obtaining deterioration predictions from the multi-task deep learning-SMC
model, this study develops a risk-aware maintenance prioritization module to translate
the current condition assessment and multi-year predicted deterioration states into main-
tenance decision support. In the prioritization process, the current health state and the
predicted deterioration states over the 1-, 2-, and 3-year horizons are jointly considered,
rather than using only the current condition state or a single predicted future state. This
module was introduced because bridge maintenance planning should consider not only the
current condition state but also future deterioration risk, defect severity, traffic exposure,
prediction uncertainty, and maintenance cost. AHP and entropy weighting are combined
to balance expert judgment and data-driven indicator variability, while uncertainty adjust-
ment and cost-benefit analysis are incorporated to improve the practical relevance of the
final maintenance priority scores.

3.3.1. Integration of Subjective and Objective Weights

The assessment integrates the analytic hierarchy process (AHP) and the entropy weight
method to compute the comprehensive weights of criteria such as health grade, defect
type, severity, and traffic volume, thereby coupling subjective and objective factors. AHP
provides expert-driven subjective evaluation, while the entropy weight method yields
objective weights; the final weights are obtained through a weighted fusion of the two
approaches Equation (19).

W = OC'WAHP+(1 - 0() *Wentropy (19)
o denotes the proportion of subjective weight.

3.3.2. Standardization of States and Impact Factors

After determining the comprehensive weights, the predicted outputs related to health
grade, defect type, and severity level are mapped to numerical state scores and subjected
to safety-oriented min—max normalization. In the maintenance prioritization process,
this mapping can be applied to both the current assessment results and the multi-year
predicted deterioration states, so that the final priority score reflects not only the current
bridge condition but also the future deterioration tendency. Continuous indicators such
as traffic volume and bridge importance are normalized within their reference intervals,
with missing values imputed as unknown or by the median. The resulting feature vector
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is denoted as x; = [hi,di,si,ti,mi]T, and the basic maintenance prioritization is defined
by Equation (20).
BasePriority; = w'x (20)

3.3.3. Cost—-Benefit Extended Model

Building upon the basic maintenance prioritization, the assessment incorporates three
types of costs: materials/labor, traffic interruption, and delay risk. The direct cost is
calculated by multiplying the number of defects by the unit price of each component and
adding a 30% labor coefficient (based on engineering experience); interruption losses are
estimated from traffic volume and the expected duration of maintenance; delay costs are
derived by mapping the health grade to a risk coefficient. The total cost C; is the sum of
these three components, and the final priority is computed as shown in Equation (21).

BasePriority; x RiskAdjust;
Gi

PriorityCostRatio; = (21)

The risk adjustment coefficient is derived from the subsequent uncertainty assessment.

3.3.4. Risk Perception and Uncertainty Adjustment

The assessment employs an entropy-based adjustment mechanism on the predicted
probabilities to address overly optimistic maintenance prioritization for samples with
high uncertainty. The entropy value for each bridge is calculated from the deep learning
outputs Equation (22).

5
Hi = *ijl pylnp; (22)

It is then normalized as H; € [0, 1]. The risk aversion coefficient (y > 1) maps this

value to a risk amplification factor Equation (23):

RiskAdj,= 1+H;-(y — 1) (23)

This factor is then multiplied by the static state score to yield the risk-adjusted basic
priority. When entropy is high, the factor increases, prompting earlier maintenance for
potentially risky bridges; in the absence of probability inputs, it defaults to 1, preserving
the original ranking.

3.3.5. Normalization and Traffic Weight Adjustment

After obtaining the risk-adjusted priority-to-cost ratio, the values are interval-
normalized together with historical reference samples to yield a maintenance prioritization
score ranging from 0 to 100. High-priority bridges are identified based on a threshold. Addi-
tionally, group-wise traffic weights are applied, and the scores are re-normalized to ensure
that bridges with higher traffic volumes receive higher priority under equivalent costs.

4. Results
4.1. Experimental Environment

The experimental environment and hardware for the multi-task deep learning model
include Windows 10 (Microsoft Corporation, Redmond, WA, USA), Python 3.10 (Python
Software Foundation, Wilmington, DE, USA), and an Intel i5-10300H CPU (Intel Corpora-
tion, Santa Clara, CA, USA). TensorFlow version 2.17.0 (Google LLC, Mountain View, CA,
USA) was used, with both training and inference performed entirely in CPU mode. All
models were trained and evaluated using the same training, validation, and test partitions
and preprocessing pipeline, while model-specific hyperparameters were selected according
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to the characteristics of each algorithm; detailed training parameter configurations are
provided in Table 7.

Table 7. Model hyperparameter settings.

Module Key Settings
Optimizer AdamW (initial Ir = 5.4 x 107>, weight decay = 3.8 x 10>, gradient clip = 1.5)
Training 80 epochs/

batch size=128

(® Warmup Health (0-24): Ir =5.4 x 1072, loss weights {4.8, 1.4, 0.3, 0.5}
@ Joint Balance (25-44): Ir = 4.6 x 1075, loss weights {3.4,0.9, 1.7, 2.0}
@) Defect Focus (45-64): Ir = 4.1 x 1072, loss weights {3.0, 0.8, 2.3, 2.2}
(@ Health Refine (65-79): Ir = 3.4 x 1072, loss weights {3.6, 1.0, 1.5, 2.0}

Health grade: balanced Focal Loss (y = 1.5, o = 0.28, label smoothing 0.004)
Defect type: cross-entropy + label smoothing 0.03
Loss Functions Severity: noise-robust loss (label smoothing 0.01, class_weight_factor 0.48,
order_penalty 0.035)
Health ordinal: Ordinal cross-entropy

Phase Schedule

Phase scheduler, EarlyStopping (patience = 60), ReduceLROnPlateau
Callbacks/Monitoring (monitor = loss, factor = 0.5, patience = 10, min_Ir =1 x 107°), task-balance
monitor (patience = 120), train/validation subset monitor

4.2. Evaluation Metrics

For the deep learning [54] component, accuracy, balanced accuracy, macro recall, and
macro/weighted F1 are consistently reported for health grade, defect type, and severity.
Additionally, the kappa statistic is provided to assess agreement with manual evaluation.

The macro-average recall for health grade is used to evaluate the balance across the
five health grades, as defined in Equation (24).

TP,
MacroRecall = ZC <

B —— 24
=1 TP, + FN, @4

TP. and EN. denote the number of true positives and false negatives for class
¢, respectively.

Macro and weighted F1 scores are used for defect type and severity to characterize
the model’s ability to recognize minority classes under class imbalance, as defined in
Equations (25)-(27). The F1 score for a single class c is

2-TP. 2-PR. TP, TP,
Fl = = = , = 25
¢ 2.TP.+ FP. + FN. Pc—i—RC( ¢ TP.+ FP. R TPC+FNC) (25)
Macro F1: 1
C
MacroF1 = 6&:1 Fl. (26)
Weighted F1:
WeightedF1 = ¢ | %-mc 27)

FP. denotes the number of false positives for class c; P. denotes the precision for class
¢; and n. denotes the number of samples in class c.
The kappa [55] coefficient is defined in Equation (28).
Po — Pe
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P, denotes the observed agreement rate, and p, is the expected agreement by chance.
A kappa value closer to 1 indicates stronger alignment with manual judgment, while a
value approaching 0 suggests the result is equivalent to random guessing.

For the semi-Markov chain component, probability distribution consistency, standard
accuracy, and state distance-weighted accuracy are evaluated in parallel to comprehensively
reflect the reliability and precision of deterioration predictions.

Probability distribution consistency: For each forecast year, the SMC predicts the most
probable state and simultaneously outputs a state probability vector Equation (29).

pt = Ppred (St) (29)

t denotes the prediction time; lgt represents the probability of each health state of the bridge
in year t; and S; is the set of bridge health states at time t. During validation, the empirical
frequency distribution of actual samples for that year is calculated Equation (30).

qi = Pops (St) (30)

q; represents the empirical frequency distribution of health states at time t. The dis-
tance between the predicted and observed distributions is then computed
Equations (31) and (32).

lw—c |~
Dy = ch:1 Ptc =~ 9c (31)
Alternatively,
" C q
Dkr (qtpt> = Zc qt,c'ln # (32)
pt,c

D; denotes the mean absolute deviation of the probability distribution at time t; Dgp.
represents the KL divergence operator. A small discrepancy indicates that the predicted
probability distribution aligns well with historical evolution, lending credibility to the risk
and uncertainty estimates; conversely, a larger discrepancy suggests that the transition
matrix or dwell time parameters require recalibration.

Standard accuracy: A prediction is scored as 1 if the predicted state matches the true
state and is otherwise scored 0; the final accuracy is the average across all samples, as
shown in Equation (33).

1 N R
Acc = NZi:l 1{8 = s;} (33)

§i denotes the most probable state for the i-th prediction, and s; is the true state.

For state distance-weighted accuracy, the five health states are ordered
(rank(excellent) = 0, ..., rank(Dangerous) = 4), and the score for a single sample is de-
fined as in Equation (34).

wAcc(§,s) = max(0, 1 — 0.2 - |rank(§) — rank(s)) (34)
The overall weighted accuracy is then defined as in Equation (35):

1 N 2
wAcc = N Y i WACc(3;,sp) (35)

For maintenance prioritization, the risk-adjusted priority-to-cost ratio is normalized to the

range 0-100 to serve as the final maintenance prioritization score, and bridges with scores
above a threshold of 70 are classified as high-priority.
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To improve evaluation reliability under imbalanced data conditions, overall metrics,
class-sensitive metrics, sliding-window validation, and historical replay were jointly used
to assess model performance from different perspectives.

4.3. Multi-Task Deep Learning Performance Evaluation

After 80 epochs of training with unified hyperparameters, the multi-task deep learning
model simultaneously outputs predictions for health grade, defect type, and severity,
along with corresponding metrics such as kappa coefficients and macro-average recall.
Tables 8-16 summarize the performance of the three tasks on the training, validation, and
test sets, respectively. The overall and task-specific loss curves are presented in Figure 7.

Table 8. Health grade model training results.

Macro
Dataset Accuracy Recall Macro F1 Kappa Loss
Training 0.9577 — — — 0.0703
Validation 0.9251 0.5699 0.3906 0.8397 0.2342
Test 0.9520 0.5649 0.5671 0.8720 —

Table 9. Health grade classification performance on the validation set.

Health Grade
(Validation Precision Recall f1-Score Support
Report)
Poor N/A N/A N/A 0
Excellent 0.0159 1.0000 0.0313 7
Dangerous N/A N/A N/A 0
Attention 1.0000 0.9253 0.9612 4446
Good 1.0000 0.9243 0.9606 1941
weighted avg 0.9989 0.9251 0.9600 6394

Note: Support denotes the number of real samples in the validation subset. N/A indicates that no real
sample was available for the corresponding class; therefore, its precision, recall, and Fl-score could not be
empirically evaluated.

Table 10. Health grade classification performance on the test set.

?lf;ltﬂll{g::i)e Precision Recall f1-Score Support
Poor N/A N/A N/A 0
Excellent 0.9286 1.0000 0.9630 13
Dangerous N/A N/A N/A 0
Attention 0.9937 0.8271 0.9028 1533
Good 0.9438 0.9972 0.9698 4229
weighted avg 0.9570 0.9520 0.9520 5775

Note: Support denotes the number of real samples in the test subset. N/ A indicates that no real sample was avail-
able for the corresponding class; therefore, its precision, recall, and F1-score could not be empirically evaluated.

Table 11. Defect type model training results.

Dataset Accuracy Balanced Macro F1 Loss
Accuracy
Training 0.9936 — — 0.1753
Validation 0.9992 0.9961 0.7465 0.1963
Test 0.9967 0.9980 0.7492 —
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Table 12. Defect type classification performance on the validation set.

Defect Type . .
(Validation Report) Precision Recall f1-Score Support
Functional component 0.9938 0.9938 0.9938 321
No defect N/A N/A N/A 0
Structural component 1.0000 0.9997 0.9998 5873
Surface defect 0.9900 0.9950 0.9925 200
weighted avg 0.9994 0.9992 0.9993 6394
Note: Support denotes the number of real samples in the validation subset. N/A indicates that no real
sample was available for the corresponding class; therefore, its precision, recall, and Fl-score could not be
empirically evaluated.
Table 13. Defect type classification performance on the test set.
Defect type . .
(Test Report) Precision Recall f1-Score Support
Functional component 1.0000 0.9980 0.9990 1015
No defect N/A N/A N/A 0
Structural component 0.9995 0.9961 0.9978 4362
Surface defect 1.0000 1.0000 1.0000 398
weighted avg 0.9997 0.9967 0.9982 5775

Note: Support denotes the number of real samples in the test subset. N/A indicates that no real sample was avail-
able for the corresponding class; therefore, its precision, recall, and F1-score could not be empirically evaluated.

Table 14. Severity model training results.

Dataset Accuracy Balanced Macro F1 Loss
Accuracy
Training 0.9863 — — 0.0994
Validation 0.9573 0.9513 0.5524 0.1277
Test 0.9972 0.9801 0.6580 —

Table 15. Severity classification performance on the validation set.

Severity
(Validation Precision Recall f1-Score Support
Report)
Moderate 0.5311 0.9446 0.6800 317
Mild 0.9971 0.9579 0.9771 6077
Severe N/A N/A N/A 0
weighted avg 0.9747 0.9573 0.9629 6394

Note: Support denotes the number of real samples in the validation subset. N/A indicates that no real
sample was available for the corresponding class; therefore, its precision, recall, and Fl-score could not be
empirically evaluated.

Table 16. Severity classification performance on the test set.

Severity . .
(Test Report) Precision Recall f1-Score Support
Moderate 0.9907 0.9607 0.9755 331
Mild 0.9976 0.9994 0.9985 5444
Severe N/A N/A N/A 0
weighted avg 0.9972 0.9972 0.9972 5775

Note: Support denotes the number of real samples in the test subset. N/ A indicates that no real sample was avail-
able for the corresponding class; therefore, its precision, recall, and F1-score could not be empirically evaluated.
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Figure 7. Total task and individual task loss curves.

Before interpreting the evaluation results, it should be noted that the validation and
test sets were preserved as real inspection data and therefore retained the inherent class
imbalance of the original dataset. As shown in Tables 4-6, several rare categories are absent
or extremely underrepresented in the validation and/or test sets, including Poor and
Dangerous health grades, the No defect category, and the Severe severity level. Although
real Poor records were available in the original dataset, no Poor samples were included in
the validation or test subsets after bridge-grouped splitting, whereas no real Dangerous
samples were available in the original dataset. Therefore, the reported overall accuracy and
weighted metrics mainly reflect the model performance on the observed and sufficiently
represented categories and should be interpreted together with macro-level and class-wise
metrics. For categories absent from the validation or test sets, the corresponding predictive
performance cannot be fully verified and should not be regarded as validated model
capability. In particular, because no real Dangerous samples were available in the original
dataset or in the real validation/test subsets, Dangerous-class results should be interpreted
only as the model’s exposure to rule-constrained safety-critical training scenarios, not as
independently validated prediction capability for real Dangerous bridges. More generally,
synthetic rare-class samples were used exclusively for training-stage class balancing and
cannot substitute for empirical validation using real rare-state inspection records.

From the training results and loss curves, the model achieves primary convergence in
the early epochs. During training, the health grade accuracy reaches approximately 0.95,
while defect type and severity achieve about 0.99, with corresponding losses below 0.18.
On the validation set, the health grade accuracy drops to around 0.92 due to the absence or
scarcity of samples in the Poor, Excellent, and Dangerous states, yielding a macro recall of
about 0.57; however, the metrics for the dominant states (good and attention) approach
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near-perfect levels, and kappa is approximately 0.84. For defect type and severity, accuracy
and balanced accuracy are about 0.99 and 0.95, respectively; the slightly higher validation
loss may be partly associated with the severe class imbalance and the absence of several rare
categories from the validation subset. Apart from the scarcity of defect-free samples, the
accuracy, recall, and F1 for the three defect types are all around 0.99. The weighted average
for severity reaches 0.97; although the moderate class, affected by sample scarcity, achieves
only 0.53 precision, its recall remains at 0.94. This result further indicates that class-wise
metrics should be considered when interpreting model performance under imbalanced
data conditions.

On the test set, health grade accuracy reaches 0.95, with accuracy for the dominant
states exceeding 0.92, recall above 0.82, and F1 above 0.9; kappa is approximately 0.87. For
defect type and severity, the overall metrics remain high for the observed and sufficiently
represented categories. Overall, these results indicate that the proposed multi-task model
performs well for the dominant and sufficiently represented categories in the real inspection
dataset, particularly the Good and Attention health states, common defect types, and
mild-to-moderate severity levels. However, because several rare categories are absent or
extremely underrepresented in the validation and test sets, the high overall accuracy and
weighted metrics should not be interpreted as evidence of fully validated performance
for all bridge condition states. Therefore, the model is currently more appropriate as a
decision support tool for common bridge condition assessment, while further validation
using larger datasets containing more rare safety-critical samples is required.

4.4. Semi-Markov Chain Performance Evaluation

To validate the deterioration forecasting capability of the deep learning-guided SMC
model, two complementary validation protocols were adopted: time-sliding-window cross-
validation and full historical replay. The sliding-window validation was used to examine
whether the model maintains stable forward prediction performance under different histor-
ical training windows, while the historical replay was used to evaluate whether the learned
transition and dwell-time mechanisms can reproduce observed bridge evolution patterns.
Only authentic bridge inspection records were used in this validation stage to ensure that
the SMC predictions were evaluated against real historical data. The prediction results
are presented in Tables 17 and 18, while Table 19 summarizes the model performance
validation outcomes.

Based on the deep learning-derived initial states of 58 bridges, SMC projections
indicate that the dominant state over the next three years will remain Good, with a slight
increase in the proportion of Attention states. The proportions of Poor and Dangerous states
remain consistently low. The average probabilities further suggest a gradual transition
toward Attention or Poor states, while overall conditions remain maintainable.

Table 17. SMC most probable state distribution (58 real bridges).

Year Excellent Good Attention Poor Dangerous
Year 1 0.155 0.724 0.103 0.017 0.000
Year 2 0.155 0.707 0.121 0.000 0.017
Year 3 0.000 0.845 0.138 0.000 0.017

Table 18. SMC average probability distribution (reference values).

Year Excellent Good Attention Poor Dangerous
Year 1 0.122 0.553 0.273 0.040 0.012
Year 2 0.089 0.455 0.354 0.072 0.030
Year 3 0.071 0.412 0.371 0.097 0.049
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Table 19. SMC model performance validation results.

Validation Protocol

Metric Standard Accuracy =~ Weighted Accuracy

Sliding-window CV

(overall)

3-fold average 0.909 0.982

Train/validation
windows split by time
S o ooss it 2 s
S o oowe T i
S g oo s b

Historical replay

(overall)

Full 0.954 0.991
Year 1 0.983 0.997 1 year ahead
Year 2 0.965 0.993 2 years ahead
Year 3 0.913 0.983 3 years ahead

reconstruction

Under time-sliding-window cross-validation, the standard and weighted accuracies
are 0.909 and 0.98, respectively, with both metrics exceeding 0.90 and 0.98 across all split
points, indicating that temporal weighting and physical constraints remain stable across
different windows. In the historical data replay validation, the standard accuracy reaches
0.954, and the weighted accuracy approaches perfection. Year-by-year, the standard ac-
curacies for years 1-3 are 0.983, 0.965, and 0.913, with weighted accuracies all above
0.983, demonstrating high engineering prediction reliability even as the forecast horizon
extends. Furthermore, when samples are grouped by time since the latest inspection
(<1 year, 1-3 years, 3-5 years, >5 years), the difference in standard accuracy between recent
and >5-year samples is less than 0.05, indicating that temporal decay weighting does not
introduce systematic bias and that predictions remain robust across different time spans.

To examine the influence of the engineering-prior weights, a grid-based sensitivity
analysis was conducted using the same deep learning prediction outputs and fixed model
settings as those adopted in the main analysis. The three annual weights, o, oy, and «3,
were independently varied from 0.70 to 0.90 at intervals of 0.05, yielding 125 combinations.
Only the engineering-prior weights were varied, while the observed transition matrix,
engineering-informed prior matrix, dwell-time distributions, bridge-age correction, his-
torical replay samples, and all other SMC settings were kept unchanged. Representative
results are summarized in Table 20.

Table 20. Sensitivity analysis of representative engineering-prior weight schedules.

X1

X2

Historical Historical Historical Forecast Year-3

o3 Standard Weighted . Re.playf Retention Deterioration
Distribution

Accuracy Accuracy MAE Rate Rate

0.70
0.75
0.80
0.85
0.85
0.90

0.70
0.75
0.80
0.80
0.85
0.90

0.70
0.75
0.80
0.80
0.85
0.90

—0.5130
—0.0899
—0.0116
0.0000
+0.0319
+0.0319

—0.1038
—0.0180
—0.0023
0.0000
+0.0064
+0.0064

0.1491
0.1382
0.1264
0.1182
0.1128
0.0969

27.59%
55.75%
86.21%
89.08%
94.25%
98.85%

87.93%
63.79%
18.97%
18.97%
13.79%

1.72%

Note: Accuracy changes are absolute differences relative to the adopted schedule (1, a2, «3) = (0.85, 0.80, 0.80)
in the same sensitivity analysis setting. The formal standard and weighted accuracies of the adopted model are
0.954 and 0.991, respectively, as reported in Table 19. Historical replay distribution MAE measures the difference
between predicted and observed historical state distributions. Forecast retention rate and Year 3 deterioration rate
denote, respectively, the proportions of unchanged bridge—year predictions and bridges predicted to be in poorer
states by Year 3.
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The sensitivity results show a clear trade-off between historical replay performance
and predicted deterioration. Lower prior weights produced overly aggressive deterioration,
whereas higher weights improved historical fitting but caused excessive state retention; for
example, the (0.90, 0.90, 0.90) schedule retained 98.85% of bridge-year states and predicted
Year 3 deterioration for only 1.72% of bridges. The adopted schedule, (0.85, 0.80, 0.80),
maintained strong historical performance while yielding a retention rate of 89.08% and
a Year 3 deterioration rate of 18.97%. No tested schedule produced abrupt transitions
spanning two or more condition grades. Therefore, the adopted schedule was retained as
an engineering-informed balance between historical consistency and gradual multi-year
deterioration rather than as the setting that maximizes a single fitting metric.

4.5. Comparative Experiments
4.5.1. Comparative Experiments for the Multi-Task Deep Learning Model

To evaluate the comparative performance of the proposed multi-task deep learning
model, representative baselines were selected from different modeling paradigms. Logistic
Regression was used as a simple linear classification baseline; Temporal CNN was used as
a convolution-based temporal modeling baseline; LSTM [56] was used as a sequential deep
learning baseline for temporal inspection records; Transformer was used as an attention-
based sequence modeling baseline; and Random Forest [57] and XGBoost [58] were in-
cluded as representative traditional machine learning baselines for nonlinear classification
on structured engineering data. In addition, a non-Transformer multi-task network was
included to evaluate multi-task learning without Transformer-based temporal fusion. All
experiments used the same exported data, preprocessing settings, and train/validation/test
splits. The detailed hyperparameter settings of the comparative baseline models are pro-
vided in Appendix A Table A1, while those of the proposed model are reported in Table 7.
A single-task variant was also evaluated for each prediction task to isolate the contribu-
tion of multi-task learning itself, where each variant used the same input features, shared
backbone, and task-specific training settings as the proposed model, with the other task
heads and cross-task information-sharing mechanisms removed. The comparative results
are summarized in Tables 21-23.

Table 21. Comparative experimental results for health grade.

Model Accuracy Kappa Macro Recall Macro F1
LSTM 0.7653 0.1759 0.2811 0.2709
Transformer 0.7948 0.2892 0.3089 0.3147
Random Forest 0.9198 0.7811 0.5453 0.5634
XGBoost 0.7601 0.3685 0.5241 0.5130
Logistic Regression 0.7962 0.3462 0.4602 0.4388
Temporal CNN 0.7755 0.2065 0.2333 0.2310
Non-Transformer MTL 0.8074 0.3551 0.4277 0.4417
Single-task variant 0.9247 0.7792 0.5445 0.5258
Ours 0.9520 0.8720 0.5649 0.5671

Table 22. Comparative experimental results for defect type.

Balanced

Model Accuracy Accuracy Macro F1 Kappa

LSTM 0.6850 0.3447 0.2544 0.0117

Transformer 0.7348 0.3263 0.2872 —0.0227
Random Forest 0.7437 0.3307 0.2904 —0.0091
XGBoost 0.7438 0.3632 0.3519 0.0405
Logistic Regression 0.8997 0.8993 0.6996 0.7991
Temporal CNN 0.7487 0.4032 0.3979 0.1975
Non-Transformer MTL 0.9392 0.7151 0.7443 0.8275
Single-task variant 0.9638 0.9640 0.7168 0.9555
Ours 0.9967 0.9980 0.7492 0.9917
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Table 23. Comparative experimental results for severity.
Balanced
Model Accuracy Accuracy Macro F1 Kappa
LSTM 0.9962 0.9685 0.6572 0.9604
Transformer 0.9522 0.6256 0.3781 0.3623
Random Forest 0.9968 0.9783 0.6501 0.9583
XGBoost 0.9943 0.9753 0.6467 0.9535
Logistic Regression 0.9942 0.9515 0.6482 0.9447
Temporal CNN 0.9950 0.9717 0.5774 0.8949
Non-Transformer MTL 0.9497 0.8740 0.6079 0.6168
Single-task variant 0.9546 0.9132 0.6145 0.9248
Ours 0.9972 0.9801 0.6580 0.9636

The comparative results show that the proposed multi-task model achieves better or
competitive performance compared with the selected baseline models. For health-grade
prediction, the proposed model clearly outperforms LSTM, Transformer, Random Forest,
XGBoost, Logistic Regression, Temporal CNN, the non-Transformer multi-task network,
and the single-task variant in terms of overall performance. In particular, compared with
the single-task health-grade model, the multi-task model improves accuracy from 0.9247
to 0.9520, macro F1 from 0.5258 to 0.5671, and kappa from 0.7792 to 0.8720, indicating
that defect type and severity provide useful auxiliary information for health-state assess-
ment through cross-task representation sharing. For defect-type prediction, the multi-task
model achieves slightly better performance than the corresponding single-task variant,
with accuracy increasing from 0.9638 to 0.9967 and kappa from 0.9555 to 0.9917. For sever-
ity prediction, the proposed multi-task model remains highly competitive, achieving an
accuracy of 0.9972, a balanced accuracy of 0.9801, a macro F1-score of 0.6580, and a kappa
coefficient of 0.9636, while jointly producing all three outputs within a unified framework.
Overall, these results suggest that the proposed model effectively integrates multi-source
features and cross-task information, especially improving the primary health-grade predic-
tion task. However, considering the class imbalance and the absence or scarcity of several
rare categories in the validation and test sets, the comparative results should be interpreted
mainly for the observed and sufficiently represented categories.

4.5.2. Comparative Experiments for the Semi-Markov Chain Model

To evaluate the deterioration forecasting performance of the proposed deep learning-
guided SMC model, two stochastic baseline models were selected: a conventional Markov
chain and a standard semi-Markov chain [59]. The conventional Markov chain was used
as a memoryless transition baseline, while the standard semi-Markov chain was used
as a dwell-time-based baseline without deep learning guidance or physical transition
constraints. These two baselines were selected to examine whether the proposed inte-
gration of deep learning initial states, dwell-time modeling, and engineering constraints
improves multi-year deterioration prediction. All three models were validated using the
same time-sliding windows constructed from historical inspection sequences to ensure a
consistent comparison. The comparative results are presented in Table 24.

The comparative results show that the proposed DL-SMC model achieves higher
standard accuracy and weighted accuracy than the conventional Markov chain and the
standard semi-Markov chain across the evaluated 1- to 3-year forecasting horizons. The
conventional Markov chain tends to preserve the current bridge state and shows limited
ability to represent long-term deterioration changes. The standard semi-Markov chain
improves dwell-time representation, but its prediction stability decreases as the forecast
horizon extends. By incorporating deep learning-derived initial states, probabilistic dwell-
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time modeling, and physical transition constraints, the proposed DL-SMC model provides
more stable long-horizon forecasting performance under the current validation setting.

Table 24. Comparative experimental results for the semi-Markov chain.

Model Forecast Horizon Accuracy Weighted Acc.

DL-SMC (ours) Year 1 0.9826 0.9965
Year 2 0.9652 0.9930

Year 3 0.9130 0.9826

MC Year 1 0.9304 0.9861

Year 2 0.9304 0.9861

Year 3 0.7478 0.9478

SMC Year 1 0.9810 0.9961

Year 2 0.9739 0.9948

Year 3 0.7652 0.9530

4.6. Ablation Experiments
4.6.1. Ablation Experiments for the Multi-Task Deep Learning Model

To further validate the contribution of each design module, four ablation experiments
are conducted using the main experiment DO data and preprocessing: D1 removes text
input, D2 removes cross-task context, D3 removes distillation (kd), and D4 removes the
ordinal relationship auxiliary head. The ablation results are shown in Table 25.

Table 25. Ablation experimental results for the multi-task deep learning model.

Health

Health Health Defect Defect  Severity Severity Severity
Ep Acc. Kappa II\{/I;(:](; DefectAcc. Kappa  MacroF1 Acc. Kappa  MacroF1
DO 0.9520 0.8720 0.5649 0.9967 0.9917 0.7492 0.9972 0.9636 0.6580
D1 0.8109 0.3805 0.2663 0.7406 —0.0176 0.2868 0.9543 0.9167 0.6297
D2 0.9052 0.8196 0.5016 0.9951 0.9877 0.7429 0.9460 0.6575 0.4929
D3 0.9629 0.8887 0.3952 0.9944 0.9859 0.7353 0.9096 0.5508 0.4947
D4 0.7558 0.1954 0.2054 0.9958 0.9912 0.4987 0.9481 0.9104 0.6097

The ablation results indicate that text input and the ordinal auxiliary head are critical
for performance improvement. Removing text input leads to a significant decline in accu-
racy, kappa, and macro metrics for both health grade and defect tasks, while eliminating the
ordinal relationship head nearly renders the health task ineffective. The cross-task context
primarily enhances the health and severity branches, and although knowledge distillation
(KD) slightly reduces the accuracy of some dominant classes, it significantly improves the
macro recall and F1 for health grade and severity, thus enhancing class balance. Overall,
text input and ordinal constraints contribute the most, while cross-task context and KD
support health classification and imbalance control, respectively.

4.6.2. Ablation Study of Multiscale Temporal Aggregation

To evaluate the contribution of each temporal aggregation strategy in the multiscale
semantic feature fusion layer, five aggregation variants were compared under the same
exported data, preprocessing settings, train/validation/test split, and training protocol.
These variants are attention pooling only (E0), recent timestep only (E1), short-term average
only (E2), global average only (E3), and the full multiscale fusion strategy used in the
proposed model (E4). The results are summarized in Table 26.
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Table 26. Ablation results of temporal aggregation strategies.

E Health Health I;/Ie;:l:: DefectAcc Defect Defect  Severity Severity Severity
P Acc. Kappa Recall " Kappa  MacroF1 Acc. Kappa  MacroF1

EO 0.9276 0.8053 0.5457 0.9867 0.9816 0.7362 0.9555 0.4416 0.6071

E1l 0.7165 0.4953 0.2463 0.6708 —0.0721 0.2041 0.9048 0.1697 0.3754

E2 0.7089 0.5137 0.2451 0.7061 0.1342 0.2973 0.8860 0.1313 0.3379

E3 0.7197 0.5608 0.2468 0.7174 —0.0210 0.2235 0.8781 0.1194 0.3356

E4 0.9520 0.8720 0.5649 0.9967 0.9917 0.7492 0.9972 0.9636 0.6580

Note: All variants used the same exported data, preprocessing settings, train/validation/test split, and evaluation
metrics. The only changed component was the temporal aggregation strategy in the multiscale semantic feature
fusion layer.

As shown in Table 26, attention pooling achieved the strongest performance among
the four single-aggregation variants, especially for health grade prediction and defect
type prediction. In contrast, using only the recent timestep, short-term average, or global
average caused clear performance degradation, indicating that a single fixed temporal
summary is insufficient to represent bridge inspection sequences. The full multiscale fusion
strategy achieved the best health-grade accuracy and kappa and the highest severity accu-
racy, while maintaining competitive defect-type performance. These results suggest that
adaptive temporal weighting is the most informative single strategy, and that combining
attention-based, recent-state, short-term, and global temporal summaries provides a more
comprehensive temporal representation for the proposed multi-task framework.

4.6.3. Ablation Studies for the Semi-Markov Chain Model

To quantify the contributions of deep learning guidance and physical constraints, five
ablation experiments were conducted on the validation set from the comparative study:
SMC-1 removed physical constraints, SMC-2 removed deep learning guidance, SMC-3
adjusted the temporal decay weight « to 0.8, SMC-4 fixed the Weibull shape parameter
k to 1 (exponential distribution), and SMC-5 used point estimates for dwell time. Over-
all standard and weighted accuracy were used for evaluation. The ablation results are
presented in Table 27.

Table 27. Ablation experimental results for the SMC.

Experiment Standard Accuracy Weighted Accuracy
Ours 0.950 0.990
SMC-1 0.887 0.976
SMC-2 0.901 0.980
SMC-3 0.945 0.987
SMC-4 0.944 0.986
SMC-5 0.887 0.975

The ablation results show that removing physical constraints, deep learning guidance,
or using point estimates for dwell time leads to a significant decrease in SMC model
prediction accuracy, whereas merely adjusting the temporal decay weight or fixing the
Weibull shape parameter k results in only a slight performance decline. This indicates that
the first three factors play a central role, while the latter two have a secondary impact.

4.7. Maintenance Prioritization Assessment Results

Based on the outputs of the multi-task deep learning model and the SMC deteriora-
tion forecasts, the proposed maintenance prioritization module was applied to rank the
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58 bridges. The purpose of this assessment was to examine whether current condition
assessment and future deterioration prediction could be translated into actionable main-
tenance priority information. The AHP consistency check yielded a CR value of 0.015,
indicating acceptable consistency of the subjective weights. To present the state information
used in maintenance prioritization more explicitly, the current condition states and the
multi-year predicted deterioration states of all 58 bridges were further summarized. For
each bridge and each forecasting horizon, the predicted state was defined as the state with
the highest transition probability. As shown in Table 28, the prioritization analysis covers
both the current condition’s state and the 1-, 2-, and 3-year predicted states for all bridges,
rather than relying only on a single current state or a single future prediction.

Table 28. Distribution of current and 1-3-year predicted condition states for all 58 bridges.

Condition Year1 Year2 Year3
State Current State Predicted Predicted Predicted
State State State
Excellent 9 9 9 0
Good 42 42 41 49
Attention 7 6 7 8
Poor 0 1 0 0
Dangerous 0 0 1 1
Total 58 58 58 58

Note: For each bridge and each forecasting horizon, the predicted condition state refers to the state with the
highest transition probability.

The results show that the bridge inventory is currently concentrated mainly in the
Excellent, Good, and Attention states. Over the three-year forecasting horizon, the distribu-
tion gradually shifts toward lower condition levels, with the Excellent state decreasing and
the Good and Attention states becoming dominant. This does not indicate abrupt large-
scale deterioration; rather, it suggests that some bridges initially classified as Excellent are
predicted to move into the Good state, while only a small number of bridges are predicted
to reach Poor or Dangerous states. These current and predicted states are then combined
with deterioration probability, traffic exposure, prediction uncertainty, defect severity, and
maintenance cost to calculate the final maintenance priority score. Therefore, the proposed
prioritization module reflects both the present condition distribution and the predicted
future deterioration tendency, supporting preventive maintenance planning before severe
deterioration becomes dominant in the observed bridge inventory.

Based on the above current and predicted state distributions, we further conducted
a rolling evaluation of the 58 bridges using SMC forecasts for the next 1-3 years. The
results show that the maintenance prioritization range remains 0.01-100 over the next
three years, with mean values of 13.25, 13.24, and 14.00 and the number of high-priority
bridges being 6, 6, and 7, respectively. Notably, bridges 27, 18, 19, 26, and 48 see their
maintenance prioritization surge to 86-100, allowing for early identification of bridges with
rapid risk accumulation. Sensitivity analysis indicates that the average fluctuation of AHP,
entropy, and combined weights is approximately 24% and 100%; when the risk aversion
coefficient is switched among 1.0, 1.2, and 1.5, the fluctuation remains below 7%; and when
maintenance costs vary by £20%, the fluctuation is about 21%. These results suggest that
the prioritization outcomes are relatively stable under different risk preferences, while
weight and cost assumptions still have noticeable effects on the final ranking. Therefore, the
proposed module should be used as an interpretable decision support reference together
with field inspection and engineering judgment. To further assess the credibility and
engineering rationale of the maintenance prioritization results, the proposed rankings
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were compared with three complementary baseline methods: condition-based ranking,
Entropy-TOPSIS, and forecast risk-based ranking. Spearman’s p, Kendall’s 1, and the
Top-5 and Top-10 overlap rates were used to quantify ranking consistency, as summarized
in Table 29.

Table 29. Ranking consistency between the proposed maintenance prioritization method and baseline

methods.

Forecast_Year Baseline_Method Spearman’s p Kendall’s T Top5_Overlap_Rate = Top10_Overlap_Rate
1 Condition-based 0.8503 0.7551 0.6 0.7
2 Condition-based 0.8511 0.7552 0.8 0.8
3 Condition-based 0.8531 0.7587 0.8 0.8
1 Entropy-TOPSIS 0.8117 0.7660 0.8 0.8
2 Entropy-TOPSIS 0.8095 0.7632 0.8 0.8
3 Entropy-TOPSIS 0.8050 0.7589 0.8 0.7
1 Forecast risk-based 0.9090 0.8170 0.8 0.9
2 Forecast risk-based 0.9251 0.8838 1 1
3 Forecast risk-based 0.9470 0.8863 1 1

Note: The condition-based baseline uses the current bridge condition, the forecast risk-based baseline uses
predicted deterioration risk, and Entropy-TOPSIS represents a conventional multi-criteria decision-making
method. The Top-k overlap rate denotes the proportion of shared bridges in the two Top-k priority lists.

The proposed rankings showed consistently high agreement with all three baseline
methods, with Spearman’s p ranging from 0.8050 to 0.9470 and Top-10 overlap rates rang-
ing from 0.70 to 1.00. The strongest agreement was observed with the forecast risk-based
baseline, including complete Top-10 overlap in Years 2 and 3. These results support the en-
gineering reasonableness of the proposed rankings, while the proposed framework further
integrates current condition, multi-year deterioration, prediction uncertainty, traffic expo-
sure, and cost-effectiveness. In addition, the Top-10 high-priority bridges were qualitatively
reviewed by a senior bridge engineering professor with extensive experience in bridge
inspection and maintenance decision-making and were considered generally consistent
with engineering judgment.

5. Discussion

The results show that the proposed framework has practical potential for bridge condi-
tion assessment, deterioration forecasting, and maintenance prioritization using official in-
spection records. The multi-task learning module jointly predicts health grade, defect type,
and severity, while the physics-constrained semi-Markov model links current assessment
with multi-year deterioration forecasting. The maintenance prioritization module further
translates prediction results into decision support information for bridge management.

The proposed framework should be regarded as a decision support tool rather than a
replacement for manual inspection or expert engineering judgment. It can assist bridge
management agencies in identifying bridges that may require closer attention, earlier
intervention, or more detailed inspection. The framework is particularly suitable for routine
management of common and sufficiently represented bridge condition states, such as Good
and Attention health grades, common defect types, and mild-to-moderate severity levels.

Several limitations should be acknowledged. First, the dataset includes 58 large and
extra-large bridges from Henan Province, and the severe class imbalance prevented em-
pirical validation of the Poor, Dangerous, No-defect, and Severe categories. Therefore,
the reported performance mainly reflects the sufficiently represented classes, and broader
generalizability requires validation using larger and external bridge inventories. Second,
prediction performance may be affected by the quality and completeness of inspection
records, while longitudinal text, real-time monitoring, environmental exposure, traffic
variation, and detailed maintenance histories were not fully incorporated. Third, the
engineering-informed transition prior, annual prior weights, and bridge age correction pa-
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rameters are inventory-specific calibration settings rather than universal physical constants
and should be recalibrated before application to other bridge inventories. Future work
will address these limitations through larger cross-regional datasets, improved rare-state
coverage, richer multimodal inputs, and external validation, including comparisons with
independent expert assessments and actual maintenance intervention records.

Based on the results of this study, several practical suggestions can be drawn for
bridge maintenance management. First, bridge agencies should establish standardized
inspection databases that integrate bridge-level condition ratings, defect-level descriptions,
traffic exposure, and temporal inspection information, because such integrated records
are essential for data-driven condition assessment and deterioration forecasting. Second,
bridges with high predicted deterioration risk, high traffic exposure, or high uncertainty
should be prioritized for follow-up inspection and preventive maintenance rather than
relying only on the current condition grade. Third, rare but safety-critical conditions
should be continuously collected and independently verified in future bridge inventories,
because the present dataset contains limited real observations of extreme deterioration
states. Finally, the proposed framework should be recalibrated according to local bridge
inspection standards before being applied to other regions or countries, and external
validation using broader bridge inventories is recommended.

6. Conclusions

This study proposed an integrated framework for bridge condition assessment, de-
terioration forecasting, and maintenance prioritization by combining a multi-task deep
learning model with a physics-constrained semi-Markov chain model. The framework links
current inspection-based condition assessment with multi-year deterioration prediction
and maintenance decision support.

The main research conclusions are as follows:

1.  The multi-task deep learning model simultaneously outputs health grade, defect type,
and severity, achieving test accuracies of 95.20%, 99.67%, and 99.72%, respectively,
with a health-grade kappa of 0.8720. Compared with baseline models, it shows
improved accuracy and stability for dominant and sufficiently represented categories,
particularly Good and Attention health states, common defect types, and mild-to-
moderate severity levels. However, its performance for rare safety-critical categories
remains insufficiently verified due to their absence or scarcity in the validation and
test sets.

2. The deep learning-guided semi-Markov chain model uses deep learning outputs as the
initial state and risk weights, incorporating Bayesian dwell time distributions, tempo-
ral decay, and physical constraints. The overall and weighted accuracies for three-year
forecasts reach 95.4% and 99.1%, respectively, both outperforming traditional Markov
chain and semi-Markov chain models.

3. The maintenance prioritization assessment system, built upon the results of the above
two models, enables ranking of bridge maintenance priorities for both current and
future (1-3 years) states, identifying both currently high-priority bridges and key
objects with significant future priority increases, thus providing a basis for bridge
maintenance strategy formulation.

In summary, the proposed method shows practical potential for bridge health assess-
ment, multi-year deterioration prediction, and maintenance prioritization. By integrating
current bridge condition evaluation, future deterioration forecasting, and management-
oriented decision support into a unified framework, it provides useful decision support
value for refined bridge maintenance management and infrastructure lifecycle planning.
Nevertheless, the reported overall performance should be interpreted as applying primarily
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to the classes represented in the real validation and test subsets. Performance on the Poor,
Dangerous, No-defect, and Severe classes was not empirically validated in the present
study and requires further verification using additional real rare-state inspection records.
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Appendix A

Table Al. Hyperparameter settings of the comparative baseline models.

Regularization and Other

Model Input and Architecture Optimizer or Solver Training Settings Settings
Early stopping monitored
Numerical temporal sequence; validation loss, patience = 15,
LSTM(64, return Adam; learning Maximum epochs = 80; minimum improvement = 1.0 x
LSTM sequences)-Dropout(0.30)— rate =1.0 x 1073; gradient batch size = 128; sparse 107%; learning-rate reduction
LSTM(32)-Dropout(0.30)—- clipping norm = 1.0 categorical cross-entropy factor = 0.5, patience = 6,
Dense(32)-Softmax minimum learning
rate = 1.0 x 107°
Numerical temporal sequence;
Dense(64)-layer Early stopping monitored
normalization—-multi-head validation loss, patience = 15,
attention-residual Adam; learning rate = 1.0 Maximum epochs = 80; minimum improvement = 1.0 X
Transformer connection—global average x 1073; gradient clipping batch size = 128; sparse 10~4; learning-rate reduction
pooling—Dense(32)- norm = 1.0 categorical cross-entropy factor = 0.5, patience = 6,
Dropout(0.30)-Softmax; 4 minimum learning
attention heads; key rate =1.0 x 107
dimension = 16
Minimum samples for splitting =
2; minimum samples per leaf = 1;
Random Flattened numerical Cini-based Random Forest Number of trees = 300; maximum features = square root;
Forest temporal features maximum depth = 20 class weighting = balanced

subsample; bootstrap sampling
enabled; random seed = 42
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Table Al. Cont.

Regularization and Other

Model Input and Architecture Optimizer or Solver Training Settings Settings
Minimum child weight = 1;
gamma = 0; subsample
ratio = 0.90; column subsample
. . . ratio = 0.90;
Flattened numerical Gradient boosting; Number of trees = 300; .
XGBoost . X L, regularization = 0;
temporal features learning rate = 0.05 maximum depth = 6 T
Lyregularization = 1.0; tree
method = histogram; evaluation
metric = multiclass log loss;
random seed = 42
Logistic Standardized flattened Maximum iterations = StandardScaler preprocessing;
Re rge ssion numerical temporal features L-BFGS; C=1.0 5000; convergence class weighting = balanced;
& concatenated with text features tolerance = 1.0 x 10~* random seed = 42
Numerical temporal sequence; Early stopping monitored
Conv1D(64, kernel = 2)-batch validation loss, patience = 15,
normalization-Dropout(0.30)- . . _ . on. minimum
Temporal Conv1D(32, kernel = 2)-batch Adar?é learmp g rate = .1'0 Max1m}1 m epochs = 80; improvement = 1.0 x 107%;
L x 1077; gradient clipping batch size = 128; sparse . .
CNN normalization-Dropout(0.30)- . learning-rate reduction
norm = 1.0 categorical cross-entropy .
global max factor = 0.5, patience = 6,
pooling-Dense(32)- minimum learning rate = 1.0 x
Dropout(0.30)-Softmax 10-°
Numerical branch:
BiLSTM(48)-Dropout(0.30)— Shared-layer dropout = 0.35 and
BiLSTM(32)-batch . . 0.30; task-head dropout = 0.25;
N . . . Maximum epochs = 80; . . .
Non- normalization; text branch: Adam; learning batch size = 128: sparse early-stopping patience = 20;
Transformer Dense(64)-batch rate =1.0 x 1073; gradient catecorical ;ross:er}:tro learning-rate reduction
MTL normalization-Dropout(0.30); clipping norm = 1.0 & Py factor = 0.5, patience = §,

shared Dense layers of 96 and 64
units; three task-specific
Dense(48) heads

for each task

minimum learning
rate=1.0 x 107°

Same input features, shared
backbone, and corresponding
task-specific decoder as the

Single-task proposed model; the other task

AdamW; weight
decay = 3.8 x 10-5;

Maximum epochs = 80;
batch size = 128;
four-stage learning-rate

The corresponding task-specific
loss and sample-weighting
settings were identical to those
of the proposed model;
early-stopping patience = 60;

. . . . . _5
variant heads and cross-task gradient c_hpplng schedule: 5'4375 107, learning-rate reduction
information-sharing norm = 1.5 4.6 10°, factor = 0.5, patience = 10
. 41 x 1075, and 3.4 x 1075 L . ’
mechanisms were removed minimum learning
rate=1.0 x 107°
Note: All models were trained and evaluated using the same training, validation, and test partitions, while model-
specific hyperparameters were selected according to the characteristics of each algorithm. The hyperparameter
settings of the proposed model are reported separately in Table 7.
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