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Abstract

Aiming at the inherent limitation of the curvature mode (CM) index, i.e., its insensitivity to damage near mode shape nodes, this study
introduces the concept of generalized local curvature modal information entropy (GLCME) into the CM analysis framework, leveraging
the significant potential of information entropy in enhancing damage identification sensitivity. The mathematical formulation of
GLCME is rigorously derived, and the corresponding damage index is constructed and optimized by utilizing the characteristics of
high-order mode shapes. Numerical models of a simply supported beam and a continuous beam bridge are established to extract
and process structural dynamic parameters. Meanwhile, physical tests on a simply supported steel beam are conducted to obtain
measured dynamic data for cross-validation. Both CM and GLCME are employed as inputs to a feed-forward neural network (NN)
for damage identification, and their performance is systematically compared. The results demonstrate that GLCME enables reliable
damage localization and quantification when used as the NN input. Notably, it exhibits significantly higher accuracy and sensitivity
than traditional CM, especially in identifying damage near mode shape nodes. The two indices form complementary performance:
CM is more suitable for damage far from nodes, while GLCME effectively addresses the challenge of damage identification in nodal
regions, providing a more comprehensive technical solution for structural health monitoring of complex bridge structures.
Keywords
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1 Introduction

Structural Health Monitoring (SHM) has become an
indispensable paradigm for guaranteeing the safety,
serviceability and residual life assessment of bridges,
high-rise buildings and wind turbines [1-6]. Among the
plethora of vibration-based damage features, curvature
mode (CM) shape stands out because its local magnifi-
cation effect directly links the second-order spatial deriv-
ative of displacement to flexural stiffness loss [7-10].
Benefiting from such mechanical clarity, curvature-related
indices exhibit remarkable sensitivity in mid-span regions
and have been successfully coupled with neural net-
works (NN), Bayesian inference and compressive sensing

to realize simultaneous localization and quantification of
damage [11, 12]. Nevertheless, the very same second-or-
der differentiation turns into a critical drawback when
damage approaches vibration nodes: near-zero curva-
tures are overwhelmed by measurement noise, leading to
missed alarms and non-unique inverse solutions [13—15].
Moreover, high-order curvature modes, often recruited to
enhance spatial resolution, suffer from low signal-to-noise
ratios and require densely deployed sensors that are sel-
dom economically viable in long-span bridges [16-20].
Consequently, an urgent methodological gap exists: a
universal, single-mode and threshold-free indicator that
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retains the intrinsic merits of curvature while remaining
explicitly sensitive to nodal damage is still missing.

Information theory offers a fundamentally distinct per-
spective from traditional model-driven approaches in struc-
tural health monitoring. As a core tool for quantifying the
uncertainty of discrete information sources [21, 22], Shannon
entropy, together with its derived indicators (e.g., permuta-
tion entropy (PE), generalized local entropy (GLE)), has
evolved into a model-agnostic metric for "structural disor-
der" and is widely permeating the field of vibration-based
damage identification [23]. The key advantage of these infor-
mation-theoretic descriptors lies in their ability to amplify
damage signatures and suppress environmental noise and
measurement errors through fusion techniques (e.g., wave-
let entropy [24], relative entropy [25]), while breaking the
strong reliance of traditional modal curvature methods on
baseline data from intact structures. For instance, the gen-
eralized local entropy proposed by Yang et al. [26] identifies
local discontinuities caused by cracks using only a single set
of measurement data by calculating the Shannon entropy of
sliding-window mode-shape sequences; Xiang et al. [27], on
the other hand, converts curvature into a probability distri-
bution via a mutual-weight change matrix, whose Shannon
entropy forms a baseline-free damage index, and generates
"intact" curvature through gapped smoothing technology
without relying on pristine reference data. Compared with
traditional indicators, entropy-based methods exhibit unique
flexibility in integrating heterogeneous monitoring data
(e.g., vibration, strain) and adapting to complex service con-
ditions. Their baseline-free characteristic has been validated
in practical engineering or simulation scenarios such as the
jack-arch segment of the Sydney Harbour Bridge [28] and
the Binzhou Yellow River Highway Bridge [29], addressing
the application dilemma of traditional methods when base-
line data is missing for aging structures.

Despite the progress driven by the aforementioned stud-
ies, three critical limitations remain in existing entropy-based
methods: First, most entropy variants such as wavelet
entropy [24] and Kullback-Leibler divergence [30] rely on
full-field or multi-channel signals, which are often difficult to
acquire in field bridge monitoring due to sensor installation
constraints and associated costs. Second, the threshold setting
for entropy changes largely depends on empirical judgment,
hindering the autonomous deployment of the technology;
third, few studies have directly embedded entropy into the
curvature mode shape domain, where the nodal-blind issue
(insensitivity to damage near mode shape nodes) is partic-
ularly prominent. Therefore, a single-mode, threshold-free,

and quantifiable entropy index specifically designed for cur-
vature scenarios is still a research gap, which is the direction
this study aims to address. Notably, deep learning has become
a mainstream technology in the field of SHM, and its strong
capabilities in vibration/image data fusion, nonlinear feature
extraction, and real-time baseline-free condition assessment
have been fully validated [31-36]. Integrating deep learning
with entropy-based indicators is expected to automatically
optimize thresholds and feature weights through data-driven
approaches, further improving the sensitivity and environ-
mental adaptability of damage identification, and providing
a more efficient solution for health monitoring of complex
structures, which is also the core research frontier in this
field. For future extensions, integrating physics-informed
neural networks (PINNs), an approach already explored in
some SHM studies [37], could impose structural mechan-
ics constraints on the data-driven fitting process, extending
the hybrid framework's interpretability and generalization
beyond pure data-driven correction.

This paper proposes, for the first time, the Generalized
Local Curvature Modal Information Entropy (GLCME) — a
local Shannon entropy operator that acts directly on curva-
ture mode shapes. Framed as a multi-scale damage saliency
enhancer, GLCME works analogously to image edge detec-
tion and deep learning attention mechanisms [38, 39], serv-
ing as a targeted feature magnifier for structural damage.
By sliding a three-point window and re-normalizing the cen-
tral curvature into a probability measure, GLCME converts
the classical "near-zero curvature" dilemma into a peak-form
entropy anomaly, inherently amplifying node-proximal dam-
age without any user-defined threshold. A lightweight three-
layer NN is subsequently trained to map the GLCME vec-
tor into residual stiffness, yielding an end-to-end localization
and quantification framework that requires only a single
mode. Acting as a targeted corrector for node-related insen-
sitivity, this network compensates for modeling uncertainties
and measurement noise by learning the nonlinear relation-
ship between GLCME features and actual structural damage
states. Numerical studies on a 32 m simply-supported beam
and experimental data from a 2.35 m steel beam demonstrate
that GLCME reduces the nodal-region relative error effec-
tively, while a continuous-beam model further validates the
index under complex bending-moment reversals.

The remainder of the paper is organised as follows:
Section 2 derives the GLCME formulation and improved
curvature mode for suppressing pseudo-peaks; Section 3
presents simply-supported beam numerical simulations
and damage identification via NN; Section 4 describes



simply-supported steel beam experiments, FE modeling,
and quantitative validation; Section 5 extends to continuous
beam bridges for damage localization and quantification;
Section 6 summarizes conclusions and future directions.

2 Generalized local curvature modal information
entropy

2.1 Introduction and derivation of indicators

For a discrete set {x,} with probability p,, Shannon entropy
is written as [21],

H(X):—Zj:lp,. Inp, . €}

When the structure is viewed as a collection of indepen-
dent measuring points, the modal displacement constitutes a
discrete spatial process; its local complexity can therefore be
quantified by entropy—often termed "mode entropy" in the
SHM literature. In this study, the mode shape is treated as a
mathematical signal for feature extraction.

To transplant this idea into curvature space, the cen-
tral-difference curvature at node i is defined as

K; = (¢H 72¢i +¢i+1 )/hz > @)

where «; is the modal displacement and /4 the uniform
mesh size. Within a symmetric window of length # (odd, n
> 3) centered on i, the total curvature energy is

K;:}jginj. 3)
. 2

The generalized local probability density is then con-
structed as [26],

p =S io1n @)
VK >
which satisfies P> 0 and normalization condition within
the window. Because the weights are derived from cur-
vature rather than from classical probabilities, the result-
ing index is termed generalized; because only the -point
neighborhood is involved, it is termed local.
Substituting the above probability set into the Shannon

form yields the GLCME:
Hi = _Z::] pPi; lnpi,j . (5)

For an intact beam, K, is nearly constant, so pi;— 1/n
and H,— Inn (maximum entropy). Any local stiffness loss
distorts the curvature distribution, increases the contrast of
and consequently decreases /1, producing a negative resid-
ual that can be used for damage detection. Thus, GLCME
inherits the high sensitivity of curvature while circum-
venting the zero-curvature singularity through the relative
weighting approach.
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2.2 Selection of probability-calculation window
The window length » in Eq. (3) governs the number of
sampling points used to estimate the local probability set.
Increasing enlarges the averaging effect, so that slight stiff-
ness loss may be smeared out; simultaneously, more bound-
ary points become unavailable for curvature calculation
according to Eq. (5). To quantify this influence, three odd
widths n=3, 5, 7, and are compared in Fig. 1. As n grows, the
curvature sum inside the window rises, the relative change of
caused by a small defect decrease, and the resulting entropy
peak becomes lower and wider, leading to reduced position-
ing accuracy. Thus, a compromise value n = 3 is therefore
adopted throughout this study, which guarantees at least one
genuine curvature extremum inside the window while keep-
ing the computational region minimal.

Substituting n = 3 into Egs. (2)—(4) yields the explicit
expression

p = (6)

piH =

Kifl + Ki + Ki+] ’
and the corresponding GLCME becomes

H, = _[pi—l Inp ,+plnp +p, lnpi+1] . (7

Eq. (7) will be used to compute the first- and second-or-
der GLCME for simply-supported beams. It should be noted
that the second-order mode contains a node at mid-span; the
near-zero curvature at that location may cause misjudgment,
motivating the improvement described in Section 2.3.

2.3 Improvement of the GLCME indicator for higher-
order modes

When a curvature mode contains a vibration node, the
local curvature «, approaches zero. From Egs. (4) and (5)
it follows that
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Fig. 1 Local probability window diagram
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and consequently,

limH, =—p,In p, >0 &)
A vanishing entropy peak at the node can therefore mask

a genuine damage signature. To eliminate this singularity and

enhance the damage feature, we introduce an improved cur-

vature that replaces the near-zero numerator with the maxi-

mum curvature magnitude within the entire mode:

{ 2.
K/ = (10)

K k| <e,

max ?

where ¢ = 107° is a numerical stability correction term to
avoid singularities in logarithmic operations, and is not
a user-defined decision threshold for damage detection.

K, = max|1<j| . The local probability is then re-defined as

’

' K,‘
14 ST (1)
Z window Kj
Inserting p into Eq. (5) yields the improved GLCME,
H/ . Equation (10) guarantees a non-zero lower bound for
every nodal point, eliminates the spurious entropy valley, and

maintains the original vibration trend because x__ is a con-

max

stant scaling factor within the window. Numerical and exper-
imental results in Sections 4 and 5 confirm that the improved
index removes false peaks at mode nodes without shifting

the damage location or altering the quantification accuracy.

3 Damage identification of the index in simply-
supported beam bridge

3.1 Finite-element model and damage scenarios

To establish a credible and computationally efficient bench-
mark, a 32 m simply-supported concrete box-girder bridge
is selected as the numerical specimen, with its cross-section
illustrated in Fig. 2(a). Such proportions represent a typi-
cal medium-span highway overpass in Western China [40].
The entire girder is discretized into 32 Euler—Bernoulli
beam elements of equal length. C50 concrete is assigned
throughout: Young's modulus £ = 34.5 GPa, Poisson's ratio
v =0.20 and unit weight y = 25 kN/m?3 (Fig. 2(b)).

Damage is introduced as a uniform 20 % reduction of
Young's modulus £ within a single element. Three loca-
tions are selected: mid-span (element 16), quarter-span
(element 8), and 1/8-span (element 4), corresponding
to the anti-node, 0.5 anti-node, and 0.25 anti-node of
the first vertical mode, respectively, as listed in Table 1.
These positions allow systematic investigation of the
well-known nodal-blind issue without interference from
support boundary effects.; each case is analyzed under the
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Fig. 2 Geometric structure and analysis model of simply-supported
beam bridge: (a) Cross section of the simply-supported bridge; (b) FEA
model of simply-supported beam bridge

Table 1 Damage condition of finite element model

Scenario Damage element Damage location Severity
2-1 16 1/2-span
2-2 8 1/4-span 20%E
2-3 4 1/8-span

same boundary conditions to ensure comparability. A mesh
sensitivity study (64 elements vs 32 elements) reveals fre-
quency changes <0.1 %, confirming that the adopted dis-
cretization is already convergent. Thus, the 32-element
model represents an optimal balance between accuracy
and computational cost for the present study.

Owing to locked vertical degrees of freedom (DOFs)
at both supports, the model retains only 29 equally spaced
nodes. First and second-order vertical modes are incor-
porated into Eq. (6) to generate Fig. 3. This figure demon-
strates a clear modal dependence. Damage coinciding with
the curvature extremum of a given mode triggers an immedi-
ate sharp peak in the corresponding order of GLCME while
damage outside the extremum zone only results in a shoulder
or slight offset. Mid-span damage is governed by the second
order whereas quarter and 1/8-span damage are dominated
by the first order, with a systematic offset of approximately
one element that increases as damage moves away from the
curvature peak. This drift arises from the combined effects of
discrete mesh spacing and modal shape and does not repre-
sent a methodological flaw. Notably, the second-order curve
exhibits global smoothness with gentle peak-to-valley tran-
sitions, indicating stronger stability under noisy conditions.
This feature will be further verified through mesh refine-
ment and experimental tests in subsequent studies. Overall,
the GLCME confines single damage to the adjacent element
range and provides an intrinsic relative-contrast alarm, thus
offering a reliable baseline for future improvements.
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Fig. 3 Damage recognition results of first-two orders index: (a) Damage
scenario 2—1; (b) Damage scenario 2-2; (c) Damage scenario 2-3
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3.2 Damage quantitative method and verification based
on neural network

For practical blind inspection scenarios with unknown dam-
age locations, a three-step workflow is adopted: (1) locate
the suspected damage region via GLCME amplitude peaks;
(2) select GLCME and curvature values of the three nearest
nodes to the peak; (3) feed the 3-D vector into the neural
network for stiffness quantification.

A three-layer feed-forward network is trained with
Levenberg-Marquardt back-propagation to map local dam-
age features into residual stiffness. For each detected damage
location, the original GLCME and curvature values of the
three nearest nodes are concatenated into a 3-D input vector.
Training samples are generated by reducing Young's mod-
ulus to 10 %, 15 %, 25 % and 30 % at the same three span
positions, yielding 36 combinations (3 locations x 4 severi-
ties % 3 replicates). The target output is the non-dimensional
residual stiffness Edamaged/Eintact of the damaged element.
Training is stopped when the mean-square error falls below
1077 or the epoch count reaches 50, whichever occurs first.
The damage identification results are shown in Table 2.

Table 2 summarizes the network predictions under the
damage scenario 2-1-2-3. A consistent modal-dependence
is observed: when damage approaches the anti-node of
a given mode, the same-order GLCME-NN pair yields
sub-5 % relative error; when the damage is close to the
node, the complementary-order pair takes over and main-
tains the same accuracy. Specifically, at quarter-span (ele-
ment 8) the first-order GLCME-NN gives 4.88 % error,
whereas the second-order gives 1.50 %; at 1/8-span (ele-
ment 4) the roles reverse (8.25 % vs 1.88 %). Thus, first-
and second-order GLCME provide quantitative accuracy
that complements each other, retaining <5 % error when
damage lies within 0.1 L of the corresponding modal anti-
node. The network weights are stored once and reused for
all test cases, demonstrating that a single 3-5-1 architecture
trained on pure FE data is sufficient for sub-element stiff-
ness estimation without retraining or transfer learning.

4 Test validation on simply-supported beam bridge

To establish a reliable link between numerical benchmarks
and physical experiments, a precision-manufactured sim-
ply-supported steel beam was tested. Full details of the spec-
imen and experimental setup are provided in Section 4.1.

4.1 From numerical benchmark to laboratory specimen
A simply-supported steel beam (total length 2350 mm,
cross-section 100 mm x 8 mm, calculated span 1750 mm) is
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Table 2 Damage quantitative damage recognition results
. Ideal absolute error  absolute error of  relative error relative error

Order Scenario  Number of element CM GLCME output of CM GLCME of CM of GLCME

2-1 No.16 0.815 0.777 0.8 0.015 0.023 1.88% 2.88%
iF;fiset;’rder 2-2 No.8 0761  0.833 0.8 0.039 0.033 4.88% 4.13%

2-3 No.4 0.869 0.811 0.8 0.069 0.011 8.25% 1.38%

2-1 No.16 0.864 0.791 0.8 0.064 0.088 8.00% 1.10%
Second- 2-2 No.8 0782 0.788 0.8 0.018 0.012 2.25% 1.50%
order index

2-3 No.4 0.785 0.873 0.8 0.015 0.073 1.88% 9.12%

precision-milled and pre-drilled to ensure repeatable bolted
boundary conditions, as shown in Fig. 4. Tensile coupons
yield 432 MPa yield strength and 198.9 GPa Young's mod-
ulus; the acquisition chain and accelerometer layout are
detailed in Fig. 4.

4.1.1 Damage scenario definition

A single steel beam (Beam-1) was utilized to implement
different damage scenarios through progressive machin-
ing, eliminating the influence of specimen-to-specimen
variability. The specific damage configurations are sum-
marized in Table 3:

¢ Undamaged state: The as-manufactured Beam-1
without any artificial defects, serving as the base-
line for comparison.

* Damage scenario 3-1: After completing the undam-
aged state tests, the beam was returned to the manu-
facturing facility for machining a 25 mm-deep x 10
mm-wide notch at 300 mm from the support center
(with the support center as the origin).

computing span 1 755()

Fig. 4 Geometry of the steel beam and layout of the data acquisition
system (Unit: mm)

Table 3 damage cases of the steel beam

Specimen Damage scenario Damage configuration
. 25 mm-deepx10 mm-wide notch at
scenario 3-1
300 mm from the support center
Beam-1

25 mm-deepx10 mm-wide notch
at 300 mm and 875 mm from the
support center

scenario 3-2

* Damage scenario 3-2: Subsequent to the tests under
scenario 3-1, an additional 25 mm-deep x 10 mm-wide
notch was machined at the position of 875 mm from
the support center, resulting in a multi-damage
configuration.

4.1.2 Measurement point arrangement and testing
methodology

Considering the size of the sensor base and the actual dimen-
sions of the steel beam, a spacing of 50 mm between adjacent
measurement points was determined. For data analysis, the
mode shape components at the centers of the two supports
were assumed to be consistent with the theoretical value of 0.
A total of 34 measurement points were arranged along the
beam. Specifically, Point 1 was located 50 mm from the cen-
ter of the fixed hinge support, and Point 34 was 50 mm from
the center of the rolling support, with the remaining points
uniformly distributed between them. The detailed layout of
the measurement points is presented in Fig. 5.

The hammer impact test was adopted for modal data acqui-
sition. Given the availability of 6 high-frequency accelerom-
eters in the laboratory, a roving reference test strategy was
designed. In each test group, one sensor was fixed as a refer-
ence point, while the remaining five sensors were placed on
five consecutive measurement points. A total of 7 test groups
were required to cover all 34 measurement points. The exci-
tation was applied near the reference point using an instru-
mented hammer to trigger data sampling. For each test group,
three sets of data were collected, and the average value was
used for subsequent analysis to minimize random errors.

Preliminary calculations revealed that the peak of the
first-order mode shape occurs at the mid-span, which coin-
cides with the node of the second-order mode shape. In
contrast, the second-order mode shape reaches its peak at
the 3/4 span position and exhibits an opposite direction to
the first-order mode shape. Based on these characteristics,
the reference point was strategically set at Point 18 when
acquiring the first-order mode shape, and at Point 26 (near
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Fig. 5 Measuring point layout for modal testing

the 3/4 span position, i.e., 1312.5 mm from the support cen-
ter) when acquiring the second-order mode shape.

For the first two orders of modes, after collecting the
acceleration responses, the random subspace identifica-
tion (SSI) method was employed to analyze the time-do-
main waveform data. Mode shape normalization and
mass normalization were performed with reference to the
pre-determined reference points to extract the vertical
mode shape components of the first two orders. Finally,
the data was preprocessed through filtering to obtain the
damage identification results. The on-site testing and data
acquisition process are shown in Fig. 6.

4.2 Finite element modeling of the test structure
To facilitate effective comparison and validation of the
experimental data, two finite element (FE) models were
established using MIDAS/Civil [41] and ANSYS [42] soft-
ware, respectively, strictly following the actual dimen-
sions and material properties of the test specimen.

For the MIDAS/Civil model, the beam was discretized
into 235 beam elements with a length of 10 mm each, cov-
ering the full-length of 2350 mm. For the ANSYS model,
solid185 elements were adopted, and the model was meshed
using hexahedral elements with a mesh size of 4 mm
through the sweeping method. Material properties derived
from the tensile coupon tests were assigned to both models:
elastic modulus of 198.9 GPa, Poisson's ratio of 0.3, and the
corresponding density is 7.698x107° N/mm?>. The FE mod-
els for Damage Scenario 3-1 are presented in Fig. 7.

acquisition process by
DASP

Sensor arrangement
’

Excitation hammer

Fig. 6 Modal test site

Modal analyses were performed on both FE models
to obtain the first two orders of mode shapes. The mode
shapes from ANSYS, MIDAS/Civil, and the experimen-
tal measurements were all normalized to ensure consis-
tency. These normalized mode shapes were then substi-
tuted into Egs. (2)—(7) to calculate the first two orders
of curvature mode shapes and the GLCME. The damage
identification results are presented in Fig. 8.

4.3 Quantitative damage identification based on neural
network

A three-layer NN was employed for quantitative dam-
age identification, consistent with the previous configura-
tion. A comprehensive training dataset was constructed,
encompassing 18 damage scenarios with varying hole

Incision

prefabricated 7~ 2.5cm in depth and 1cm in width

(@

ELEMENTS

Incision
prefabrica}fed 2.5cm in depth and 1cm in width

ansrs

TEST-MODEL-

(b)
Fig. 7 Finite element models under different damage scenarios: (a) MIDAS/
Civil model for scenario 3-1; (b) ANSYS model for scenario 3-1
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Fig. 8 Measured and theoretical damage locations identified by the proposed index: (a) Identification result of the first-order index for scenario 3-1;

(b) Identification result of the first-order index for scenario 3-2; (c) Identification result of the second-order index for scenario 3-1; (d) Identification

result of the second-order index for scenario 3-2

depths at two predefined locations (including simultane-
ous double damage).

The parameters of the NNs were set identically to those in
the previous section, with the residual stiffness of the dam-
aged element as the output variable. The optimal number of
hidden layer nodes was determined to be 11 through paramet-
ric analysis, resulting in a network structure of 3-11-1 (input
layer-hidden layer-output layer). The quantitative damage
identification results are summarized in Table 4.

4.4 Discussion of experimental results

A comparative analysis of the first two orders of indica-
tors reveals that the quantitative damage identification
accuracy of the first and second-order curvature mode
indicators at their respective mode shape nodes is lower
than that of the proposed generalized local curvature
mode information entropy. Specifically:

* Near the first-order mode shape node (300 mm from
the support center), the quantitative relative error
of the curvature mode indicator reaches 72.94%,
while the error of the proposed index is significantly
reduced to 20.0%.

* Near the second-order mode shape node (875 mm
from the support center), the relative error of the cur-
vature mode indicator is 34.8%, which is also higher
than the 20.0% error of the proposed index.

Furthermore, for both damage scenarios, the identifica-
tion accuracy of all indicators at the mode shape nodes is
consistently lower than that at positions far from the mode
shape nodes. This observation validates the conclusion
proposed in the previous section, confirming the superi-
ority of the generalized local curvature mode information
entropy in avoiding the "node effect" and improving dam-
age identification accuracy.
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Table 4 Quantitative identification result of damage of simply supported steel beam

Damage Damaged element Ideal Absolute Absolute error Relative Relative error of
Index order scenario node no. M GLCME output  error of CM of GLCME error of CM GLCME
- No.6 (30cm) 0.422 0.436 0.5 7.77% 6.38% 15.5% 12.8%
First-order No.18 (87.5cm) 1 1 1 0% 0% 0% 0%
index - No.6 (30cm) 0.865 0.400 0.5 36.5% 10.0% 72.9% 20.0%
No.18 (87.5cm) 1.000 0.477 0.5 50.0% 2.31% 100% 4.62%
- No.6 (30cm) 0.46 0.436 0.5 4.00% 6.38% 8.00% 12.8%
Second-order No.18 (87.5cm) 0984  0.999 1 1.60% 0% 1.60% 0%
index - No.6 (30cm) 0.352 0.421 0.5 14.8% 7.90% 29.6% 15.8%
No.18 (87.5cm) 0.326 0.400 0.5 17.4% 10.0% 34.8% 20.0%
P 1000 )( 2000 { 1000 {
5 Damage identification of the index in continuous 300 300 ‘ T
beam bridge i . 500 - 4
. . . . . . 2000
Continuous beam bridges exhibit superior spanning capac- 1250 ;;Z
ity due to the unloading effect of negative moments at sup- l 300 {
. i . . J 1000 | 1000 ) 5000 L 1000 | 1000 |
ports, making them widely applicable in modern transporta- J 9000 1
tion infrastructure to meet the evolving demands of bridge @)
engineering. To further verify the robustness and applicabil- S
ity of the proposed index, this chapter extends the research IS ‘ﬂwmw
i . S em'?fffﬁ" us!
scope from simply supported beams to continuous beam e S
bridges, systematically investigating the performance of the ?ﬁ;mfmﬁ‘ﬁ -
generalized local curvature mode information entropy in ®

damage identification for such structures. Fig. 9 Geometric structure and analysis model of continuous beam

bridge: (a) Cross section of the continuous beam bridge; (b) FEA model

5.1 Model establishment and damage scenario definition of continuous beam bridge

A key distinction in mode shapes between continuous beams 0.0004 -

and simply supported beams lies in the presence of sup- - —— Curvature modes of continuous beams

port constraints, which cause each mode shape to intersect 0. 0003 ' - cu;’fg‘;‘:p‘;ﬁde‘/

with the structural baseline. A three-span continuous beam 0. 0002 -

bridge model was established using MIDAS/Civil, featur- 9 zero point of

ing a box-section girder as illustrated in Fig. 9(a). The over- g 0.0001 cuvatme rmde '.\.

all layout and constraint conditions of the bridge model are E -.__

presented in Fig. 9(b). The bridge has a span arrangement of g 0- 0000 | 0

30 m + 50 m + 30 m, with a total of 111 nodes and 110 ele- _0.0001 F (37, '5E' 6) wgsbeu;gg (73 - 2B 6)

ments (each element is 1 m in length). The main girder is con- » pomts

structed of C50 concrete, with material properties as follows: -0.0002 |-

elastic modulus of 3.45%x104 MPa, Poisson's ratio of 0.2, and 00003 -

bulk density of 25 kN/m?. The adoption of a three-span con-

figuration with unequal spans aligns with practical engineer- Fig. 10 First-order curvature model of continuous beam

ing applications. Notably, the negative bending moment at Table 5 Constraints for continuous beams

the mid-span results in zero points of the curvature mode Node D, D, D, R, R, R,

near the supports, as shown in Fig. 10. The specific constraint ! * v v v x v

conditions for the continuous beam are detailed in Table 5. 31 v v v v x v
Figs. 11 and 12 present the damage identification results 81 x v v v x v

of the GLCME for the continuous beam before and after 111 x v v v . N

improvement, respectively. It is evident that the spuri- Note: "\" indicates a constrained degree of freedom; "x" indicates an

ous peaks in the unimproved index are eliminated after ~ Unconstrained degree of freedom.



1 O | Yuan et al.
Period. Polytech. Civ. Eng.

0.38 T T T T T
—— First-order Hy,
N * rv‘ " - e
0.36 4
3
3
>
2
§* entropy # '\ entropy
8 at o
0.34 support peak caused by support -
zero point of
curvature mode
0‘ 32 1 " 1 " 1 " 1 " 1 " 1
0 20 40 60 80 100
number of measuring points
Fig. 11 Result with index unimproved
0.38 T T T T T
——  Firstorder Hy,, |
0.37 9
3 e 21
0.36 4
3
3
>
go. 35 Ay g s 1
5
0.34 entropy 7
at
0.33F support 4
0‘ 32 1 " 1 " 1 " 1 " 1 " 1
0 20 40 60 80 100
number of measuring points

Fig. 12 Result with index improved

optimization. For the peaks at the supports, the correspond-
ing entropy values remain unchanged while the peak width
is narrowed, which mitigates the interference of support-re-
lated peaks on damage location identification. Additionally,
the improved index exhibits a smoother distribution, facili-
tating more accurate damage localization and quantification.

Damage scenarios were defined by simulating stiffness
reduction, with the second span (mid-span) selected as the
primary research object. The specific damage configura-
tions are summarized in Table 6.

Table 6 Damage conditions of continuous beams bridges

condiios [y Damage location

5-1 55 20% Mid-span

5-2 38 20% Zero point of the curvature mode
5-3 35 20% Near the support (mode node)

5.2 Damage localization results of the proposed index
Modal analysis was performed on the continuous beam
model under various damage scenarios. The vertical mode
shapes were extracted and substituted into Eqgs. (3)—(10)
to calculate the first-order generalized local curvature
mode information entropy, with the damage localization
results plotted in Fig. 13.

Fig. 13 reveals key patterns of damage identification
in continuous beam bridges using the improved GLCME.
This index enables efficient damage detection, with no spu-
rious peaks observed at undamaged positions or curvature
mode zero points, while distinct peaks emerge at target
damage locations such as the mid-span, curvature mode
zero points, and support-adjacent regions.

Both the curvature mode and the generalized local curva-
ture mode information entropy inevitably produce peaks at
the intermediate pier supports of continuous beams, and the
peak values of the proposed index at the supports are signifi-
cantly higher than those at the damage locations. However,
the entropy values of all support peaks remain consistent.
As marked in Fig. 8, the entropy value of the support peaks is
approximately 0.348, and this value causes minimal interfer-
ence with subsequent damage quantification based on NNs.

Across all test scenarios, the improved first-order index
exhibits significantly superior damage identification per-
formance at the mode shape nodes of the continuous beam
(i.e., both ends of the middle span) compared to the mid-
span region. This further verifies the high sensitivity of the
index to damage near mode shape nodes.5.3 Construction
and quantification results of the damage quantification NN.

To realize quantitative damage identification, train-
ing datasets were established for each damage loca-
tion. The datasets included samples of the two indexes
(curvature mode and generalized local curvature mode
information entropy) under damage degrees of 10%,
15%, 25%, and 30% at different locations (detailed data
omitted). A three-layer NN was adopted for damage
degree prediction.

Based on the damage localization results in Section 5.2,
the input parameters of the NN were defined as the index
values (curvature mode and generalized local curvature
mode information entropy) of three measurement points
adjacent to the damage location. The optimal number of
hidden layer nodes was determined as 5 via the bisection
method. The output parameter was the residual stiffness of
the damaged element. The network training parameters were
set as follows: iteration steps = 50, training accuracy = 107
A total of six NNs were constructed, corresponding to the
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Fig. 13 Damage localization results of the continuous beam bridge:

(a) Damage scenario 5-1; (b) Damage scenario 5-2; (c) Damage
scenario 5-3
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two indexes under three damage scenarios. The quantitative
damage identification results are presented in Table 7.

Analysis of the results in Table 7 reveals the
following insights:

The identification accuracy of the GLCME gradually
improves as the damage location approaches the ends of the
mid-span. For scenario 5-1 (mid-span damage), the relative
error of the proposed index is 11.03%; while for scenario
5-3 (damage near the mode shape node), the relative error is
reduced to only 1.43%. This confirms the high sensitivity of
the index to damage adjacent to mode shape nodes.

Compared with the curvature mode, the proposed index
exhibits lower quantitative accuracy for mid-span damage
in continuous beams (scenario 5-1). However, in scenar-
ios 5-2 and 5-3 (damage near curvature mode zero points
and mode shape nodes), the relative error of the proposed
index is significantly smaller than that of the curvature mode.
This demonstrates that the proposed index outperforms the
curvature mode in identifying damage near mode shape
nodes for both continuous and simply supported beams, veri-
fying the complementary nature of the two indexes.

It is noteworthy that the curvature mode also achieves
satisfactory accuracy for damage far from mode shape
nodes. Therefore, in practical engineering applications,
if the potential damage location is preliminarily known,
selecting appropriate identification indexes based on the
specific location can effectively improve the efficiency
and accuracy of damage assessment.

When considering damage near intermediate sup-
ports of continuous beams, the inherent entropy peaks
from support constraints do not mask damage signals, as
GLCME can distinguish them by their amplitude stabil-
ity: support-induced peaks remain constant, while dam-
age-induced peaks increase with severity. A minor lim-
itation is that partial peak overlap may occur for damage
immediately adjacent to supports, which can be mitigated
by optimizing the sliding window size.

6 Conclusions
This study proposes a generalized local curvature mode infor-
mation entropy index for structural damage identification
and systematically verifies its performance through numer-
ical simulations and physical experiments on simply sup-
ported beams, followed by an extension to continuous beam
bridges. The key conclusions are summarized as follows:
1. Inthe numerical simulation of simply supported beams,
the proposed generalized local curvature mode infor-
mation entropy achieves accurate damage localization.



1 2 Yuan et al.
Period. Polytech. Civ. Eng.

Table 7 Quantitative identification results of continuous beam bridge damage

Absolute error Absolute error Relative error Relative error

Damage Scenario CM GLCME Ideal output of CM of GLCME of CM of GLCME
5-1 0.877 0.888 0.8 7.70% 8.83% 9.62% 11.03%
5-2 0.705 0.849 0.8 9.54% 4.88% 11.93% 6.10%
5-3 0.820 0.811 0.8 2.02% 1.14% 2.53% 1.43%

When combined with a NN for damage quantification,
the first two orders of the proposed index exhibit higher
accuracy than the traditional curvature mode in identi-
fying damage near various mode shape nodes. In con-
trast, the curvature mode performs better for damage
far from mode shape nodes, indicating the complemen-
tary advantages of the two indexes.

2. Physical experiments on simply supported steel
beams further validate the feasibility and superiority
of the proposed index. The index effectively avoids
the "node effect" that plagues the curvature mode,
reducing the relative error of damage quantification
near mode shape nodes from 72.9% to 20.0%, thereby
significantly improving identification reliability.

3. For continuous beam bridges, the proposed index con-
sistently exhibits characteristic peaks at supports with
stable entropy values, which minimally interferes with
damage identification. Despite the complex mechani-
cal behavior of continuous beams (e.g., negative bend-
ing moments and curvature mode zero points), the
index still achieves accurate damage localization and
quantification, maintaining the same performance
characteristics as observed in simply supported beams.

4. The complementary application of the generalized
local curvature mode information entropy and the tra-
ditional curvature mode provide a more comprehensive
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