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Abstract:

safety assessment method

A multi-granularity defect recognition and
is proposed for facility
surfaces, using bridges as a representative example. The
approach integrates a CAE_ViT network model with a
sequential hierarchical coupled information framework
(SHCIF) and a fuzzy comprehensive evaluation (FCE)
system. First, the SHCIF and three corresponding
granularity-specific recognition models are established,
with datasets constructed and augmented for each
granularity level. The SHCIF and cross-granularity
classification strategy are designed to enhance defect
severity recognition accuracy by leveraging information
from both bridge component and defect type granularities.
Second, transfer learning is applied to fine-tune the
CAE_VIiT pre-trained model for bridge defect detection,
with classification performance further improved through
cross-granularity decision-making. Finally, an analytic
hierarchy process-entropy weight method (AHP-EWM)
weighting system is incorporated into the FCE to achieve
quantitative safety assessment of bridges based on
apparent surface conditions, considering bridge
locations, components, defect types, and severity levels.
Experimental results show macro-average Fl-scores of
94.1%, 81.6%, and 75.3% for the three granularity levels,
respectively, with  cross-granularity  classification
reaching 82% accuracy. A case study on bridge safety
effectiveness,

evaluation demonstrates the

systematicness, and extensibility of the method.
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Fig. 4 Diagram of CAE-based decision-making framework for cross-granularity classification
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Fig. 5 Decision-making process for cross-granularity classification based on SHCIF
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Fig. 6 Transformation of classifier expert voting to get affiliation matrix
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Tab. 3 Weights of defect layer, affiliation and vector operations of fuzzy comprehensive evaluation for com-

ponents

jrdie b - - AR
EH1 B2 —%3 JUHE 4
D1 ol 0.32 0.63 0.26 0.07 0.05
D2 5 TH iR 24 0.68 0.39 0.29 0.27 0.04
RO LR A PR 1] 0.47 0.28 0.21 0.04
D3 1A%i5E 0.72 0.55 0.29 0.15 0.02
D4 ZEAJE il 0.28 0.61 0.29 0.09 0.01
B ZEA P A 0.56 0.29 0.13 0.01
D5 3¢ FES45E 0.76 0.64 0.26 0.08 0.02
D6 7 i il 0.24 0.62 0.23 0.13 0.02
WZE AV ) 0.64 0.25 0.10 0.02
D7 HikiZd4E 0.58 0.69 0.14 0.16 0.01
D8 WU 0.11 0.69 0.21 0.09 0.02
DO FF 5 A 0.31 0.63 0.29 0.06 0.01
A ZE SV 0 0.67 0.20 0.12 0.01
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Tab.4 Weights of component layer, affiliation, and vector operations of fuzzy comprehensive evaluation for

parts
A ff ZH AR - el -
EH#1 B2 — 3 JUEE 4
C1¥rimikiss 1. 00 0.47 0.28 0.21 0.04
ORI ZE A P ) i is 0.47 0.28 0.21 0.04
C2 32k 0.75 0.56 0.29 0.13 0.01
C3 378 0.25 0.64 0.25 0.10 0.02
BOIZE A P ) s 5 0.58 0.28 0.12 0.02
C4 1.00 0.67 0.20 0.12 0.01
TN ZE A P ) e is 0.67 0.20 0.12 0.01
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Tab.5 Weights of part layer, affiliation, and vector operations of fuzzy comprehensive evaluation for the

whole bridge
e i 1 2 —fit3 P4
B1 i & 0.20 0.47 0.28 0.21 0.04
B2 L4kt 0.40 0.58 0.28 0.12 0.02
B3 T ekt 0.40 0.67 0.20 0.12 0.01
RERIZE AP 1) BB 5 0.59 0.25 0.14 0.02
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