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Abstract. This study develops an impact-acoustic framework for classifying predefined surface-
damage states on steam-turbine blades, identifying one of three damage regions, and estimating
class-dependent severity parameters. Impact signals were recorded for 5 s at 22,050 Hz under
controlled impact and microphone angles. After event screening, each signal was converted into
a 13-coefficient W-MFCC map that combines continuous-wavelet time-frequency localization,
Mel-scale subband mapping, and cepstral compression. A hybrid ResNet-50-Transformer-PANet-
CMTL network was designed to extract hierarchical local features, model long-range
dependencies, fuse multi-scale information, and produce conditional multi-task outputs. The
dataset contained 1,200 training samples and 300 validation samples covering crack, crack-
erosion, and crack-abrasion conditions in Areas 1-3. On the reported validation split, W-MFCC
correctly classified 296 of 300 samples (98.67 %), compared with 89.33 % for MFCC and 87.33 %
for wavelet input, and its loss curves showed more stable convergence. The full multi-scale
configuration also exhibited smoother training behavior than the ResNet-50 + Transformer
baseline. These findings demonstrate the feasibility of combining W-MFCC representation
learning with multi-scale conditional prediction for controlled turbine-blade condition assessment.

Keywords: acoustic signature, steam-turbine blade, damage classification, W-MFCC, multi-task
learning.

1. Introduction

Steam turbines are central energy-conversion systems in thermal power generation and are
critical to reliable power supply [1, 2]. Their blades operate under centrifugal loading, thermal
stress, aerodynamic vibration, wet-steam erosion, and repeated droplet impact. Long-term
exposure can produce cracks, abrasion, erosion, and local material loss. Reliable assessment of
these conditions is therefore important for maintenance planning and safe operation [3].

Common nondestructive inspection methods for turbine blades include ultrasonic testing,
eddy-current testing, magnetic-particle testing, and visual inspection [1, 2, 4, 5]. Ultrasonic
methods can detect small flaws, but complex blade curvature, surface roughness, coupling
conditions, and nonuniform propagation paths may create blind zones or complicate quantification
[3, 6]. Eddy-current methods are also sensitive to probe lift-off, surface geometry, and
electromagnetic-field distortion, which can reduce reliability on complex curved surfaces [7-10].
These limitations motivate complementary inspection approaches that can be implemented with
compact sensing hardware.

Mechanical impact and vibration generate acoustic signatures containing time-, frequency-,
and spatial-domain information. Changes in geometry, boundary conditions, and surface condition
can alter these signatures, making them potentially useful for condition classification [11-14].
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Related studies have applied acoustic representations to target recognition, fault diagnosis, and
near-field acoustic analysis [11-22].

Conventional time- and frequency-domain descriptors may not fully represent transient,
nonlinear, and high-dimensional acoustic responses. Compact robotic inspection platforms can
carry sensing hardware to otherwise difficult-to-access surfaces [23], increasing the need for
informative representations that can be processed efficiently. Deep-learning methods provide a
data-driven means of learning discriminative features from such representations [24-26], and
recent studies have demonstrated their usefulness for acoustic fault diagnosis and condition
monitoring [5, 27-30].

Residual networks mitigate vanishing gradients and degradation through identity-based skip
connections, enabling stable optimization of deep feature extractors [31]. Nevertheless, local
convolution alone may not capture long-range dependencies in time—frequency maps. Multi-head
self-attention can complement convolution by modeling interactions among distant feature
regions.

Damage-related patterns may also occur at different spatial and frequency scales. Shallow
features retain local detail, whereas deeper features contain stronger semantic information. A
single-scale representation can therefore be insufficient for classifying cracks, erosion, abrasion,
and mixed conditions.

Transformer modules provide global context through attention, while feature-pyramid
architectures combine information across scales. Their roles are complementary rather than
interchangeable: attention models long-range dependencies, and multi-scale fusion restores detail
that can be weakened by downsampling.

The Feature Pyramid Network uses a top-down pathway to enrich lower-level features [32].
PANet adds a bottom-up aggregation path that shortens information flow and strengthens
multi-scale fusion [33-36]. These properties are relevant to acoustic damage representations,
where both localized transients and broader spectral patterns may contribute to the predictions.

The novelty of this study lies in the task-specific integration of complementary representation
and network components. First, the proposed W-MFCC representation aligns wavelet-localized
impact transients with Mel-spaced subband aggregation and cepstral compression, thereby
retaining local time—frequency detail while reducing spectral redundancy. Second, multi-head
self-attention is applied to the semantically strongest Cs feature map, while the shallower C;—C,
maps are preserved for multi-scale fusion. Third, PANet combines high-level semantic
information with lower-level detail through bidirectional feature aggregation. Finally, the
conditional multi-task head links damage-type classification to class-specific severity regression
while also identifying the damage region. Unlike a single-representation or single-scale pipeline,
the resulting framework jointly models damage type, region, and severity within one controlled
impact-acoustic assessment task.

The experimental scope is limited to the predefined crack, crack—erosion, and crack—abrasion
conditions represented in the training and validation datasets, together with the associated severity
descriptors and Area 1-Area 3 region labels. Accordingly, the reported findings should be
interpreted as evidence of feasibility under the controlled acquisition protocol rather than as a
general assessment of all turbine-blade damage modes or field operating conditions.

2. Theoretical background
2.1. Acoustic signature theory

An acoustic signature is a signal generated by impact, vibration, or another mechanical
excitation. Its waveform depends on material properties, geometry, surface condition, boundary
conditions, and the excitation-measurement configuration. Damage can modify the propagation

path and modal response, thereby changing time-, frequency-, and energy-related features.
In practice, damage modes may coexist and their acoustic effects may be coupled. A complete
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closed-form mapping from each damage geometry to a unique set of acoustic parameters is
therefore difficult to establish for complex blades. A data-driven model can instead learn statistical
associations between labeled damage conditions and measured acoustic features.

Accordingly, the present framework uses a neural network to learn discriminative acoustic
features and jointly perform damage-condition classification, region identification, and
severity-related regression.

The microphone was positioned in the near-field region relative to the impact location. In this
region, the measured response is sensitive to source geometry, excitation position, and local
boundary conditions. The study therefore uses a controlled acquisition geometry to reduce
avoidable variability.

2.2. Wavelet-MFCC multi-resolution feature fusion

Deep neural networks can learn nonlinear mappings, but their performance depends strongly
on the input representation. For impact-acoustic signals, preprocessing should preserve short
transients while reducing redundant information and arranging the frequency content in a form
suitable for learning.

The measured signals are nonstationary and contain abrupt impact responses, broad frequency
content, and local variations caused by geometry and boundary conditions. Continuous wavelet
analysis provides time-scale localization, whereas Mel-frequency cepstral coefficients offer a
compact representation of subband energy. The proposed W-MFCC framework combines these
complementary properties.

Wavelet-MFCC Multi-Resolution Feature Fusion
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Fig. 1. Schematic of the W-MFCC feature-extraction framework

Fig. 1 provides an overview of the complete W-MFCC feature-extraction pipeline, which
consists of four main stages: wavelet analysis and scale-to-frequency mapping, Mel-subband
energy extraction, MFCC computation, and feature fusion. The blocks on the left represent these
successive processing stages, while the band at the top indicates the overall workflow. The color
maps on the right show the normalized wavelet-energy distribution, the Mel-subband log-energy
representation, and the final fused W-MFCC features. In these maps, warmer colors correspond
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to larger normalized coefficients, and variations in the color distribution reflect differences in
energy concentration across time and frequency. These maps are provided solely for schematic
illustration and do not represent additional experimental results.

2.2.1. Wavelet decomposition and Mel-scale mapping

The continuous wavelet transform of the signal x(t) is evaluated at scale a and translation b.
Here, a > 0 is a dimensionless scale parameter that dilates or compresses the mother wavelet, and
b is the temporal translation parameter. In a sampled signal, b is evaluated at discrete time
positions determined by the sampling interval. The selected scales depend on the sampling
frequency, the center frequency of the mother wavelet, and the frequency band of interest. The
symbol * denotes complex conjugation:

1 t—>b
Wi(a,) = [x(0) =y (=) e 0

The pseudo-frequency associated with scale a is given by Eq. (2). In this expression, f(a) is
the pseudo-frequency represented by scale a, fy, is the normalized center frequency of the mother
wavelet, f; is the sampling frequency (22,050 Hz in this study), and a is the wavelet scale. Larger
values of a correspond to lower pseudo-frequencies, whereas smaller values correspond to higher
pseudo-frequencies:

fl@ =2 @

The frequency axis is then mapped to the Mel scale. The physical frequency f is converted to
the Mel coordinate m(f) using Eq. (3):

f
m(f) = 2595 - log,o (1 + ﬁ) 3)

Uniform samples on the Mel axis are mapped back to physical frequency using the inverse
relation in Eq. (4):

f(m) = 700(10™/25% — 1). ()

This procedure aligns wavelet-domain frequency bands with Mel-spaced subbands before
energy aggregation.

2.2.2. Subband energy extraction

After Mel-scale resampling, M triangular filters are applied to the wavelet energy spectrum.
The energy of the m-th subband at frame position b is defined by Eq. (5):

En(®) = ) Hon () Wi DI )
k

The operation maps multi-scale wavelet energy into a compact perceptual-frequency space
while retaining temporal variation.

2.2.3. MFCC calculation

The logarithm of each subband energy is calculated to compress the dynamic range and
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improve numerical stability, as shown in Eq. (6):
E,, =log(E,, + ¢). (6)

The small constant € prevents the logarithm of zero. A type-II discrete cosine transform is then
applied, and the first N coefficients are retained as MFCC features according to Eq. (7):

¢ ~ mn 1
cn=ZEmcos ﬁ(m_iﬂ' n=0,..,N.— 1 (7
m=1

This step converts the log-energy spectrum into a lower-dimensional cepstral representation.
2.2.4. Multi-feature fusion

Because MFCCs provide compact spectral information but may smooth short transients,
additional time-frequency features are extracted from the wavelet domain to form vector g and
are fused with the MFCC vector c:

z=a-c®1-a)-g 0<a<l (8)

In Eq. (8), @ denotes concatenation or weighted combination, and « is the fusion coefficient.
The same definition is used throughout the manuscript.

The resulting W-MFCC representation combines wavelet-domain transient information with
Mel-frequency cepstral compression.

2.3. ResNet-50 network

The W-MFCC maps are input to a neural network that performs damage-condition
classification, region identification, and severity-related regression.

ResNet-50 is used as the convolutional backbone because its residual connections support
stable training of a deep feature extractor.

As shown in Fig. 2(a), the network contains an initial convolution and max-pooling stage
followed by four residual stages. The standard bottleneck block in Fig. 2(b) contains three
sequential convolutions: a 1x1 convolution for channel reduction, a 3x3 convolution for spatial
feature extraction, and a 1x1 convolution for channel expansion. The skip connection is a parallel
identity or projection path and is not one of the three convolutional layers. This bottleneck design
controls parameter growth while enabling a deep network.

The residual mapping is expressed by Eq. (9):

H(x) = F(x) +x. ©)
The bottleneck residual function shown in Fig. 2(b) is expressed by Eq. (10):
F(x) = W, - ReLU(W, - ReLU(W, - x)). (10)

The first 1x1 convolution reduces the channel dimension, the 3x3 convolution extracts spatial
features, and the final 1x1 convolution restores the output dimension.

2.4. Transformer attention mechanism

The highest-level Cg feature map is passed to a multi-head self-attention module after channel
adaptation and positional encoding. The attention module models relationships among distant
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regions of the time-frequency representation, complementing the local receptive fields of the
convolutional backbone:

. QKT
Attention(Q, K, V) = softmax V. (11)

N

In Eq. (11), Q, K, and V are the query, key, and value matrices. The scaled dot product QKT
determines pairwise similarity, the softmax operation produces normalized attention weights, and
the weighted sum of V forms the attention output:

head; = Attention(QW,%, KWK, vw}), (12)
MultiHead(Q, K, V) = Concat(head,, ..., head,)W?°. (13)
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Fig. 2. ResNet-50 architecture: a) overall network with the initial convolution, max pooling, four residual
stages, global average pooling, and the output layer, b) bottleneck residual block with 1x1, 3x3,
and 1x1 convolutions and a parallel skip connection, ¢) channel reduction, spatial feature
extraction, and channel expansion within the bottleneck block

Egs. (12-13) define the parallel attention heads and their concatenation. Each head uses
independent projection matrices and can emphasize a different feature subspace. The current
implementation uses eight heads.

3. Proposed method

The proposed architecture combines ResNet-50, multi-head self-attention, PANet, and a
conditional multi-task output head. ResNet-50 extracts local and hierarchical features, the
attention module models global dependencies, PANet fuses multi-scale information, and the
output head predicts damage type, damage region (Area 1-Area 3), and severity-related
parameters. Because the region labels are categorical, the corresponding task is defined as region
identification rather than coordinate-level localization.

Fig. 3 presents the complete workflow, from acoustic-signal acquisition and preprocessing to
feature generation, dataset construction, network training, and multi-task prediction.

Impact-acoustic signals were recorded for 5 s at a sampling rate of 22,050 Hz. The acquisition
conditions are summarized in Table 1. An energy-threshold procedure and a sliding window were
used to retain valid impact events and suppress low-energy background segments.

Each retained signal was converted to a W-MFCC representation containing 13 cepstral
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coefficients. The resulting two-dimensional map was used as the network input.

The feature maps were annotated with damage region, damage type, and the available
geometric descriptors. Region labels comprised Area 1-Area 3, whereas the damage classes
included crack, erosion, abrasion, and mixed conditions. All annotations were stored in JSON
format.

Turbine Signal |, Extraction and preprocessing of |~ W-
blade Acquisition excitation signal MFC

N s W
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Fig. 3. Overall experimental workflow

Table 1. Data acquisition settings.

Region Point Level Impact angle | Microphone angle
Areal | Points 1-4 | Levels 1-3 | 0°,45° 90° 0°, 45°, 90°
Area2 | Points 1-4 | Levels 1-3 | 0°,45° 90° 0°, 45°, 90°
Area 3 | Points 1-4 | Levels 1-3 | 0°,45°, 90° 0°, 45°, 90°

During dataset construction, the JSON annotations were parsed and associated with their
corresponding feature maps. The resulting image-label pairs were then encoded for multi-task
learning.

The customized MultiTaskDataGenerator assembled the encoded samples into the input
tensors and task-specific target tensors required for model training and validation.

3.1. Model construction and selection

The modules were connected so that the convolutional backbone, attention block, multi-scale
neck, and conditional output head could exchange features with compatible channel dimensions.

3.1.1. Adaptation of ResNet-50

ResNet-50 provides feature maps C;-Cs. A 1x1 adapter aligns the channel dimensions required
by the attention and PANet modules. Only C5 is passed through self-attention because it has the
strongest semantic representation and the smallest spatial size, which reduces attention cost. The
shallower C,-C, features are retained for multi-scale fusion. Egs. (14-17) describe the dimension
adaptation:

Fresnet = ResNet50(x), x € REXCHXW, (14)
Fresnet fiattened = Flatten(Fgesyet), (15)

JOURNAL OF VIBROENGINEERING 7
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FResNet_adapted = Linear(FResNet_flattened)' (16)
F’CS = Transformer(FResNet_adapted)- (17)

After adaptation, learnable positional encoding is added and the Cg sequence is processed by
eight attention heads using Egs. (11-13).

3.1.2. PANet neck

The attention-enhanced Cs feature is resized and integrated with the convolutional feature
pyramid:

FP(j}vet = Upsample (F’Cs,size = (Hi,Wi)). (18)

Eq. (19) describes the top-down pathway. Here, the index I denotes the feature level, the lateral
1x1 convolution aligns channels, and the resized higher-level feature enriches the semantic
content of the lower-level feature:

Ff% = Conv (Fl + Upsample(Fffl)). (19)
Egs. (20-21) describe the bottom-up aggregation pathway and the final fused features:

FP¥ = Conv (Ffd + Downsample(Flb_“l)), (20)

Frysion = Concat(FP™, F¥*, F*, F2Y). (21)
The bidirectional paths combine higher-level semantics with lower-level detail.

3.1.3. Conditional multi-task output head

The Conditional Cascaded Multi-Task Learning (CMTL) head first predicts the damage class
and then activates the corresponding regression branch. This sequential design represents the
dependency between damage type and its severity-related parameters.

Let p denote the predicted class-probability vector and 7; the output of the regression branch
for class k. The classification loss is defined in Eq. (22):

K
k NG
Las = = ) Y - 10g(3%) (22)
k=1

The regression loss is evaluated for the branch associated with the target class, and the
weighted overall loss is defined in Eq. (23):
liotar = A1 - las + 22 lreg- (23)

Fig. 4 summarizes the proposed architecture. ResNet-50 extracts multi-level features; the Cs
feature is enhanced by multi-head self-attention; PANet performs top-down and bottom-up fusion;

and the conditional multi-task head produces damage-type, damage-region, and severity-related
outputs.

3.2. Experiments and results

The data were partitioned into the training and validation sets summarized in Tables 2 and 3,
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respectively.
Figs. 5-7 present the comparative results for the three signal representations and the
optimization behavior of the baseline and proposed network configurations.
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x]
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Fig. 4. Architecture of the proposed hybrid network
3.2.1. Data sources and composition

Within each 5 cmx5 cm region, impacts were applied at four points on a 4 cmx4 cm grid.
Three impact levels were produced using ball-drop heights of 30 cm, 40 cm, and 50 cm. The
training and validation compositions are listed in Tables 2 and 3.

Table 2. Training dataset composition

Region Damage type Dimensions (mm) | Samples
Area 1 Crack Crack: 0.3 400
. Crack: 0.5
Area2 | Crack + erosion Erosion: 1x2x2 400
. Crack: 0.7
Area 3 | Crack + abrasion Abrasion: 5x5%0.2 400

Table 3. Validation dataset composition

Region Damage type Dimensions (mm) | Samples
Area 1 Crack Crack: 4.6 100

. Crack: 0.8
Area 2 | Crack + erosion Erosion: 2x5x2 100
Area 3 | Crack + abrasion Crack: 3 100

Abrasion: 8x5x0.3

3.2.2. Network and signal-representation results

Fig. 5 compares representative damage conditions and the corresponding MFCC, wavelet, and
W-MFCC representations. Figs. 5(a)-5(c) show the damage examples; Figs. 5(d)-5(f), 5(g)-5(1),
and 5(j)-5(1) show the three signal representations. The 0.3 mm crack in Fig. 5(a) is included as a
representative training example.

Fig. 6 compares the training behavior of the ResNet-50 + Transformer baseline with that of
the full ResNet-50 + Transformer + PANet + CMTL architecture. The baseline exhibits
pronounced fluctuations and late spikes in the total and task-specific losses, whereas the full
architecture converges more smoothly toward lower loss values. Training accuracies for both
damage-type classification and region identification also rise to a more stable plateau in the full

JOURNAL OF VIBROENGINEERING 9
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model. At each epoch, the two accuracies are calculated as the proportions of correctly classified
samples for their respective damage-type and Area 1-Area 3 labels.

Area :
Erosion

Frequency (49 N N
. 8 8 8 8 8 8

MFCC

mpitace

Wavelet

MEFCC-
Wavelet

epsta Lonaent

0 10 10 2 30 W0 W &0 &

)
Fig. 5. Representative damage conditions and signal representations: a)-c) crack, erosion, and abrasion
examples, d)-f) MFCC representations, g)-i) wavelet representations, j)-1) W-MFCC representations.
Photographs in panels a)-c) were taken by the authors during the experimental study
at International Center for Applied Mechanics, Xi’an, China, in March 2026

3.2.3. Validation setup and interpretation

Table 2 summarizes the training dataset, whereas Table 3 presents the corresponding
validation dataset. Based on these datasets, Fig. 7 compares the confusion matrices, loss curves,
and accuracy curves obtained using MFCC, wavelet, and W-MFCC representations as network
inputs. Table 4 summarizes damage-classification performance for the three signal
representations. Among them, W-MFCC exhibits the most stable decrease in loss and achieves
the highest validation accuracy (98.67 %, 296/300). MFCC and wavelet inputs show larger
optimization fluctuations, indicating that either representation alone may not fully capture the
complex characteristics of impact-acoustic signals generated by damaged turbine blades.

Table 4. Comparison of damage-classification performance using different signal representations

Representation | Correct samples | Total samples | Accuracy
MFCC 268 300 89.33 %
Wavelet 262 300 87.33 %

W-MFCC 296 300 98.67 %

The improved performance of W-MFCC can be attributed to the complementary information
provided by wavelet analysis and Mel-frequency cepstral processing. Wavelet analysis offers

10
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strong time-frequency localization and is therefore effective in preserving abrupt, short-duration,
and spatially localized variations associated with impact responses and surface damage. However,
wavelet coefficients may contain redundant information and can be sensitive to local fluctuations.
In contrast, Mel-spaced filtering reorganizes the frequency spectrum into perceptually and
structurally meaningful subbands, while logarithmic compression and discrete cosine
transformation produce a compact cepstral representation of the overall spectral-energy
distribution. MFCC features are therefore efficient for describing global spectral patterns,
although some transient details may be weakened during compression.
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Fig. 6. Training curves of the compared network configurations: a) loss curves and b) training accuracy
for the ResNet-50 + Transformer baseline; ¢) loss curves and d) training accuracy
for the full ResNet-50 + Transformer + PANet + CMTL model

By combining these two representations, W-MFCC retains localized transient information
while reducing spectral redundancy and improving the organization of the input feature space.
This fusion provides the neural network with a more structured and discriminative representation
than either MFCC or wavelet features alone. As a result, the model can more effectively learn both
local damage-related variations and broader spectral characteristics, leading to smoother
convergence, lower optimization instability, and improved classification performance in the
reported experiments.

These findings indicate that feature representation plays an important role in acoustic-based
turbine-blade condition assessment. The results support the use of W-MFCC as a suitable input
representation for the proposed multi-task network under the investigated experimental
conditions. Nevertheless, the comparison is based on the available training and validation split,
and repeated independent experiments and statistical uncertainty analyses were not conducted.
Therefore, further evaluation using additional blades, broader defect dimensions, different
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operating and noise conditions, and repeated trials is required to confirm the generalization
capability and robustness of the W-MFCC representation.
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Fig. 7. Results obtained with different signal representations:
a)-c) MFCC input; d)-f) wavelet input, g)-i) W-MFCC input

4. Discussion

The comparative curves indicate that the W-MFCC representation provides a more stable
optimization process than MFCC or wavelet input alone. This behavior may be attributed to the
complementary information retained by the two components: wavelet analysis preserves localized
transient variations, whereas Mel-frequency cepstral compression provides a compact description
of the spectral-energy distribution.

The network components also serve complementary functions. ResNet-50 extracts hierarchical
local features, self-attention models long-range dependencies at the Cs level, PANet integrates
semantic and detailed information across scales, and the conditional output head couples damage-
type classification with class-specific regression. The methodological contribution therefore lies
in adapting and integrating these components within a unified acoustic multi-task framework.

However, the study has several limitations. First, the dataset covers only three predefined
regions and a limited range of artificial defect dimensions, so it does not provide a comprehensive
assessment across defect scales. Second, blade-independent testing, controlled-noise experiments,
repeated training runs, and statistical uncertainty analyses were not conducted. Third, although the
validation set contains defect dimensions different from those in the training set, both sets were
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acquired under the same controlled protocol. Future work should therefore expand the dataset to
include additional blades, broader defect types and dimensions, variable impact and microphone
configurations, and representative operating noise. Independent blade-level tests and repeated-run
statistical analyses will be required to quantify generalization and robustness.

5. Conclusions

This study developed a W-MFCC representation and a hybrid ResNet-50-Transformer-
PANet-CMTL network for classifying predefined steam-turbine blade damage conditions,
identifying one of three damage regions, and estimating class-dependent severity parameters.
Three main conclusions can be drawn. First, combining wavelet-localized transient information
with Mel-frequency cepstral compression produced a more discriminative input representation:
W-MFCC correctly classified 296 of 300 validation samples (98.67 %), compared with 89.33 %
for MFCC and 87.33 % for wavelet input. Second, the full multi-scale architecture showed
smoother loss reduction and more stable training behavior than the ResNet-50 + Transformer
baseline, supporting the complementary roles of global attention and bidirectional feature fusion.
Third, the conditional output design provides a unified route for damage-type classification, Area
1-Area 3 region identification, and class-specific severity regression under the investigated
acquisition conditions. These results establish the feasibility of the proposed framework for
controlled impact-acoustic turbine-blade assessment. Nevertheless, the conclusions are limited to
the available train-validation split and predefined artificial defects. Future work will extend the
study to independent blades, wider defect scales, controlled and operational noise, repeated
training trials, and statistical uncertainty analysis before practical field deployment.
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