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Abstract

Low-strain reflection testing is widely used for the rapid screening of pile integrity, but
its interpretation still relies heavily on manual judgment. This study proposes a dual
representation learning framework for classifying the integrity of building foundation piles
from low-strain testing records. A dataset containing 1139 piles from engineering projects
was established and divided into four integrity classes. Each record was represented in
two complementary forms: structured features extracted from engineering parameters
and waveform characteristics, and a redrawn waveform image generated from coordinate
point data. Support vector machine (SVM), random forest (RF), and convolutional neural
network (CNN) models were used as single modality baselines, and their performance
was compared with that of a multimodal neural network (MNN) trained on paired struc-
tured and image inputs. The multimodal model achieved the highest overall accuracy
on the main evaluation subset, reaching 84.65%, whereas the random forest achieved
the best Macro-Recall and Macro-F1. This result suggests that multimodal fusion mainly
improved overall robustness rather than consistently enhancing performance across all
classes. Clearly intact piles and severely defective piles were easier to identify, whereas
Class II remained the most difficult category because of its borderline signal characteristics.
In the supplementary external validation set, the same ranking of model performance
was observed, and the multimodal model achieved an accuracy of 85%. These results
indicate that the proposed framework has strong potential for computer-assisted screening
of building foundation piles.
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Pile foundations are widely used and are among the primary elements responsible
for transferring building loads [1]. The quality and integrity of piles strongly influence the

Published: 26 May 2026 safety, durability, and long-term performance of the superstructure [2-4]. With continu-
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remains essential for improving safety, extending service life, and reducing the risk of
foundation-related failure [5].

To meet this demand for accurate evaluation before commissioning, a range of pile
integrity testing methods has been developed for engineering practice, including static load
tests [6], high-strain dynamic tests [7], cross-hole sonic logging [8,9], and core drilling [10].
Under appropriate conditions, these methods can provide accurate results or direct physical
evidence. However, they often involve higher cost, longer testing periods, or closer coor-
dination with construction activities, which limits their applicability in rapid, large-scale
surveys. By contrast, low-strain reflection testing (LST) is easy to implement, requires
portable equipment, and involves relatively low testing cost, making it widely used for
rapid on-site screening of pile defects [11,12]. Nevertheless, conventional interpretation
of LST results still relies heavily on manual judgment. When datasets are large or signals
are noisy and complex, this process becomes slow and labor intensive [13]. It may also
introduce differences among analysts, thereby reducing consistency and reliability. These
limitations highlight the need for more automated and data-driven approaches to the
interpretation of low-strain reflection signals.

To overcome the limitations of manual interpretation, more intelligent and automated
analysis is required. Machine learning (ML) is well suited to large, complex, and noisy
datasets [14], and it has been widely applied in engineering fields such as image analy-
sis [9], facility management [15], and the prediction of concrete properties [16—-18]. In pile
integrity testing, routine field inspections generate large volumes of data, yet much of this
information remains underused because interpretation still depends heavily on experience
and can be subjective [5]. Motivated by this gap, recent studies have explored ML-based
interpretation of LST signals. Some approaches train classifiers using engineered features
extracted from the waveform or its spectrum for rapid screening, whereas others learn
directly from raw signal sequences using deep models to reduce reliance on manual feature
design [19-21]. For example, Cui et al. [20] developed a computer-assisted workflow that
combines signal processing with machine learning to screen large numbers of reflectograms
and flag suspected piles for expert review. In parallel, other studies have used reflectogram
images, or related transformed plots, as inputs to convolutional neural network models to
improve recognition under noisy conditions and across multiple defect patterns [22-24]. For
example, Wu et al. [24] trained a convolutional neural network on plot images to identify
multiple defect patterns in noisy low-strain records. These studies indicate strong potential
for automated screening. However, the same test record is often stored in different formats
across projects, and many models are designed for only one format, which limits portability
and may reduce robustness when that single input is degraded. Low-strain reflection data
are typically recorded either as waveform images or as coordinate points, corresponding to
image and structured data modalities, respectively. This dual representation makes model
selection less straightforward and may increase prediction errors, especially when one
modality is noisy or incomplete.

To address this challenge, this study focuses on the integrity classification of building
foundation piles using LST. Rather than treating plotted waveforms and structured descrip-
tors as interchangeable inputs, a dual representation fusion strategy is proposed to jointly
learn from the same reflectogram in two complementary forms: engineered structured
features and waveform images. This design better reflects practical data management in
foundation inspection, where the same test record is often archived both as coordinate
points and as report ready plots. On this basis, support vector machine (SVM), random for-
est (RF), and convolutional neural network (CNN) models are used as single representation
baselines, and their performance is compared with that of a multimodal neural network
(MNN) trained on paired inputs. Finally, supplementary external validation using model

https:/ /doi.org/10.3390/buildings16112126


https://doi.org/10.3390/buildings16112126

Buildings 2026, 16, 2126

30f22

pile records and additional intact field piles is conducted to examine the robustness of the
proposed framework across different scenarios.

2. Methodology

This section presents the models used to classify pile integrity from LST data. Two
conventional models, SVM and RF, were implemented in Python (version 3.9.13; Python
Software Foundation, Wilmington, DE, USA) using scikit-learn and were trained on
structured features. The CNN baseline and the MNN were implemented using TensorFlow
with the integrated Keras API (version 2.15.0; Google LLC, Mountain View, CA, USA).
The CNN baseline was trained on waveform images, whereas the MNN was developed to
fuse structured and image inputs within a unified framework.

The overall workflow of this study is summarized in Figure 1. The raw LST records
were acquired using a PIT pile integrity tester (model C2-070; Pile Dynamics, Inc., Cleve-
land, OH, USA) and were first exported from the proprietary .pit format using PIT-W
software (version 2009; Pile Dynamics, Inc., Cleveland, OH, USA). After pile length trun-
cation and data cleaning, two paired representations were generated for each pile record:
structured descriptors extracted from engineering parameters and waveform characteris-
tics, and waveform images redrawn from coordinate point data. The structured data were
used to train SVM and RF models, whereas the waveform images were used to train the
CNN model. The paired structured and image inputs were further integrated in the MNN
for multimodal classification. Finally, the models were evaluated using confusion matrices,
class-balanced metrics, ROC curves, feature contribution analysis, and supplementary
external validation.

.pit files from engineering projects

v

[ Raw low-strain testing (LST) records ]

Preprocessing
Data cleaning, Pile length truncation
{ )
Structured data generation Waveform image generation
Engineering parameters Redraw waveform images from
Waveform descriptors coordinate point data
Single-modality models Single-modality models
® SVM, RF ® CNN
t Y f
Paired structured + image inputs
® MNN

Performance evaluation
® Confusion matrices

©® (Class-balanced metrics

® ROC curves

® Feature contribution analysis

v

Supplementary external validation

Model piles + Additional intact field piles

Figure 1. Flowchart of the proposed methodology for multimodal pile integrity classification using
LST record.
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2.1. Support Vector Machine (SVM)

SVM is a supervised classification algorithm that separates classes by identifying
a decision boundary that maximizes the margin between them. To handle nonlinear
classification problems, a kernel function can be used to map the input features into a
higher dimensional space in which the classes are more easily separable. In this study,
SVM was implemented as a structured data baseline. The final model adopted a radial
basis function (RBF) kernel with C = 10andy = 1, as determined by grid search with
five-fold cross validation.

2.2. Random Forest (RF)

RF is an ensemble learning method that constructs multiple decision trees from boot-
strap resampled training subsets and combines their outputs through majority voting for
classification. By introducing randomness in both sample selection and feature selection,
RF can effectively reduce variance and improve robustness compared with a single decision
tree. In this study, RF was used as a structured data baseline to classify pile integrity based
on engineered descriptors extracted from low-strain reflection records. The final model
consisted of 200 trees, with a maximum depth of 10, a minimum of 10 samples required for
splitting, a minimum of 2 samples per leaf node, and the number of maximum features set
to the square root of the total feature number.

2.3. Convolutional Neural Network (CNN)

CNN is a deep learning architecture widely used in image recognition and pattern
classification tasks [23]. It consists of multiple layers, including convolutional layers,
pooling layers, and fully connected layers. Convolutional layers apply local filters to extract
spatial features from the input data, whereas pooling layers reduce dimensionality and
improve robustness to noise and variation. Fully connected layers integrate the extracted
features to perform classification or regression. CNN is particularly effective for image
based data because it can automatically learn hierarchical feature representations without
requiring manual feature engineering. The architecture of the CNN model used in this
study is summarized as follows.

(i) Convolutional layers: Three convolutional modules were used, with 32, 64, and
128 filters, respectively. Each convolution used a 3 x 3 kernel and the ReLU activation
function.

(i) Pooling layers: A 2 x 2 max pooling layer followed each convolutional module to
progressively reduce the spatial dimensions while preserving salient features.

(iii) Fully connected layers: The flattened feature maps were fed into a fully connected
layer with 512 units, followed by a Softmax output layer that generated probability
distributions over the four target classes.

The model was trained using the categorical cross entropy loss function, which quanti-
fies the discrepancy between the predicted probabilities and the ground truth labels. The
Adam optimizer was adopted with its default hyperparameters, namely a learning rate of
a = 0.001, 31 = 09,and B, = 0.999 [25]. A total of 150 epochs was used, with a batch
size of 3 to balance training efficiency and GPU memory constraints. Data augmentation
was performed dynamically through a generator to prevent memory overflow and improve
model generalization. The accuracy and loss curves of both the training set and the vali-
dation set were continuously monitored to evaluate model performance. All experiments
were implemented using the TensorFlow framework [26].
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2.4. Multimodal Neural Network (MNN)

This study proposes an MNN that fuses two paired representations derived from the
same low-strain test record: a waveform image and a structured feature vector. Although
both inputs originate from the same reflectogram, they preserve complementary informa-
tion at different levels of abstraction. The image branch retains the global morphology and
local visual patterns of the waveform, whereas the structured branch encodes engineering
information related to pile geometry and reflection characteristics. Therefore, a dual branch
late fusion architecture was adopted to exploit this representational complementarity within
a unified framework.

(i) Image feature extraction branch: The image feature extraction branch consists of an
input layer, a convolutional module, and a fully connected layer. The input layer
receives red, green, and blue (RGB) images with a resolution of 308 x 852 x 3. The
convolutional module includes a first convolutional layer with 32 filters of size 3 x 3
and ReLU activation, producing feature maps of 154 x 426 x 32, followed by a 2 x 2
max pooling layer with a stride of 2 that reduces the output to 77 x 213 x 32. A second
convolutional layer with 64 filters of size 3 x 3 is then applied, generating feature
maps of 77 x 213 x 64. The fully connected layer compresses the flattened features
into a 128 dimensional vector, and a dropout rate of 0.5 is used to mitigate overfitting.

(if) Structured data branch: The structured data branch consists of an input layer and a
feature enhancement module. The input layer receives a five-dimensional vector of
standardized engineering parameters. The feature enhancement module contains a
first fully connected layer with 64 neurons and ReLU activation, followed by batch nor-
malization, and a second fully connected layer with 128 neurons and ReLU activation,
followed by a dropout rate of 0.5.

(iii) Feature fusion and classification module: The feature fusion and classification mod-
ule consists of a concatenation layer and a joint decision layer. The concatenation
layer merges the 128-dimensional feature vector from the image branch with the
128-dimensional feature vector from the structured data branch, forming a unified
256-dimensional representation. The joint decision layer includes a fully connected
layer with 128 neurons and ReLU activation, followed by a dropout rate of 0.5, and
an output layer with four neurons using a Softmax classifier to predict the four pile
condition categories.

3. Dataset Description

This section describes the dataset used for model development and evaluation. It
is organized into four subsections. First, the source of the low-strain testing records and
the integrity class labels are introduced. Second, the raw data format and preprocessing
workflow are described, including file format conversion and pile length truncation. Third,
the three data modalities used as model inputs are presented. Finally, the data split protocol
and reproducibility settings are summarized to support transparent model evaluation.

3.1. Data Source and Class Labels

The dataset was collected from field low-strain reflection tests conducted for pile
integrity evaluation in real engineering projects. The raw test records were stored in the
proprietary .pit format of the testing instrument, and the integrity labels were assigned by
qualified testing engineers and documented in formal inspection reports, thereby providing
reliable ground truth labels for model training and evaluation.

A total of 1139 piles were included and categorized into four classes: 567 piles in
Class I, 138 piles in Class II, 170 piles in Class III, and 264 piles in Class IV. Classes [ and II
were considered serviceable. Class III piles required reinforcement and retesting, or further
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verification through design calculations before they could be regarded as usable. Class IV
piles were considered unserviceable and had to be demolished and replaced with newly
cast piles. For model development, the dataset was further processed into three modalities
as input sets for different machine learning models.

3.2. Raw Data Format and Preprocessing Workflow
3.2.1. File Format Conversion

In engineering practice, the instrument output was stored in a proprietary .pit format.
Because .pit files could not be directly used in most machine learning workflows, they
were opened using Pit-W software and exported to Word format. In the exported Word
files, each waveform was stored as a set of coordinate points containing 256 recorded data
points. Python scripts were then used to batch extract the waveform data and basic pile
information and convert them into machine readable tables for subsequent processing.

3.2.2. Pile Length Truncation

To minimize errors caused by inconsistent data selection, a pile length truncation
method was adopted. In Figure 2, the black solid curve represents the measured velocity
response exported from PIT-W software, the red dashed lines are reference gridlines
generated by the software, and the “#” symbol denotes the waveform record number. As
indicated by the blue dashed lines, only the curve segment corresponding to the effective
pile length range was extracted for analysis, thereby avoiding the risk of computing
features outside the valid pile length range. In implementation, the truncation window
was determined based on the impact response and the expected travel duration within the
pile length range, and the corresponding segment was then extracted.

Pile:5-1:#8

[ _——] 14.55m (3700 m/s)

2021/2/1 15:11:49

”””””””””””””””””” 2\ 2.00 m 925.0 Hz

X 2.00 L/D=15 (D=100 cm)

V 0.545cm/s (0.601)

T TTTTT] T FTTTTTTTTT T TTTITTT]

4 é 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 m

Figure 2. Representative raw LST waveform and pile length truncation range.

3.3. Data Modalities for Model Inputs
3.3.1. Modality I: Structured Data

The first modality was structured data, which was constructed by extracting represen-
tative features from low-strain waveforms stored as coordinate points and combining them
with basic pile information. Based on engineering practice, the core inputs included pile
diameter, pile length, assumed wave velocity, waveform amplitude difference, and peak-
related descriptors, while the integrity class was used as the target label. Peak locations
were identified using the find_peaks function. The waveform amplitude difference was
defined as the difference between the amplitude of the first major peak and the average
amplitude of its adjacent valleys. In addition, an extra feature was introduced to quantify
peak distribution within the pile length range. Specifically, the numbers of peaks exceeding
amplitude thresholds of 0.03, 0.04, 0.05, 0.06, and 0.07 cm/s were recorded as a sequence
(a, b, ¢, d, e). For example, Class I piles typically showed sequences such as (1, 0, 0, 0, 0)
or (0,0, 0,0, 0), whereas Class IV piles often showed sequences such as (5, 4, 3, 2, 1). This
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sequence feature provided a quantitative description of peak distribution and improved
class separability.

In low-strain reflectograms, reflections appear as waveform peaks, and feature extrac-
tion is commonly performed within the effective time window bounded by the pile head
reflection and the pile toe reflection. Because defect-induced impedance changes introduce
additional reflected components, the distribution and prominence of local waveform peaks
within this window can provide useful information on signal irregularity. In this study,
the numbers of waveform peaks identified under several amplitude thresholds were used
to characterize such changes. This treatment reduced reliance on a single threshold and
provided a more stable description of waveform complexity [20].

3.3.2. Modality II: Image Data

The second modality was image data, in which low-strain curves were represented as
waveform images. The inputs for the neural network model were generated by redrawing
each low-strain reflection curve from its coordinate points. To enable the model to capture
the location of the effective pile length range while preserving the overall waveform shape,
an overlay plotting scheme was adopted to highlight the effective interval within the
same plot. Representative examples of the four integrity classes are shown in Figure 3. In
these images, the orange curve segments indicate the effective pile length range retained
for subsequent feature extraction and image based model input, whereas the blue curve
segments represent waveform portions outside the selected range. All images were resized
to a uniform resolution of 308 x 852 pixels and converted into RGB tensors for model input.
To reduce overfitting under limited training data, data augmentation was applied during
CNN training, including pixel rescaling and simple geometric transformations, and 20% of
the training set was used as the validation split.

Class 1 Class 11

Class 111 Class IV

Figure 3. Representative waveform images of the four pile integrity classes used as inputs to the
neural network model.

3.3.3. Modality III: Multimodal Data

The third modality was multimodal data, which were obtained by combining the
structured and image modalities. Each pile sample therefore contained paired inputs,
including a structured feature vector and its corresponding waveform image. Cross-modal
pairing was ensured by using the stake number, namely the pile ID, to map image files to
the structured records.

3.4. Data Split and Reproducibility Settings

The data split protocol and the final model settings used in this study are summarized
in Table 1. For the structured data models, the dataset was divided into training and testing
subsets at a ratio of 8:2 using a fixed random seed (random_state = 42), and five-fold cross-
validation was used for hyperparameter tuning. The structured features were standardized
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for SVM, whereas RF was trained on the original feature scale. For the CNN model, all
waveform images were resized to a unified input size, and 20% of the training images were
used for validation through on the fly data augmentation. For the multimodal model, each
structured sample and its corresponding waveform image were paired by pile ID and kept
aligned during data splitting and training.

Table 1. Hyperparameter search space and final model settings of the four models.

Hyperparameter Search Space/Training

Model Input Configuration Final Model Settings
Grid search over C = {0.1,1,10,100},
SVM Structured data vy = {1,0.1,0.01,0.001}, and kernel=RBF,C = 10,y = 1
kernel = {linear, polynomial, RBF}
Grid search ovgr number of trees = {100, number of trees = 200, maximum depth = 10,
200, 300}, maximum depth = {10, 20, 30, .. . L.
U L minimum samples for split = 10, minimum
RF Structured data None}, minimum samples for split = {2, 5,
. — samples per leaf = 2,
10}, minimum samples per leaf = {1, 2, 4}, maximum features = sart
and maximum features = {sqrt, log2, None} =59
Three convolutional blocks with 32, 64, and
128 filters, respectively; kernel size =3 x 3;  image size = 308 x 852 x 3; Adam optimizer
CNN Waveform images max-pooling after each block; fully (Ir = 0.001, 31 = 0.9, B, = 0.999);
connected layer with 512 neurons; batch size = 3; epochs = 150
Softmax output
image input = 308 x 852 x 3;
Dual-branch late-fusion architecture; image  structured input = 5 features; dropout = 0.5;
MNN Paired structured + branch with Conv32-Conv64 + FC128; batch size = 16; epochs = 20; best-model

image data

structured branch with FC64 + BN + FC128;
fusion layer with FC128 + dropout

checkpointing based on validation loss;
ReduceLROnPlateau (factor = 0.7,
patience =1, min_Ir=1 x 10*4)

4. Performance Evaluation Metrics

Model performance was evaluated using a set of complementary metrics. Because
the dataset was moderately imbalanced across the four integrity classes, overall accuracy
alone was not considered sufficient. In addition to accuracy, Macro-Precision, Macro-Recall,
Macro-F1, and balanced accuracy were used to provide a more balanced assessment of
model performance [27]. Accuracy was defined as

YK, TP,

Accuracy = N 1)

where TP; denotes the number of correctly classified samples in class i, and N is the total
number of samples. For class i, precision and recall were calculated as

TP,
- TPZ =+ Fpi/

TP,

P‘ =
i TD; + FN,

R; 2)

where FP; and FN; denote the false positive and false negative samples in class i, respec-
tively. The corresponding F1 score was calculated as

2P:R;
1 — i1\
! P; 4+ R;

©)

The macro averaged metrics were then obtained by averaging the corresponding
values across all K classes:

1
Macro-Precision = i fil P; 4)
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K

Macro-Recall = %Ziﬂ R; (5)

1
Macro-F1 = EEK: Fl ©6)

Balanced accuracy was defined as the arithmetic mean of the recall values across

all classes:
K

1
Balanced Accuracy = EZz‘:l R; (7)

In the present multiclass setting, balanced accuracy was numerically identical to Macro-
Recall. In addition, confusion matrix heatmaps were used to visualize the distribution of
classification errors across classes. One versus rest receiver operating characteristic (ROC)
curves and the corresponding area under the curve (AUC) values were used to assess the
separability of each class. Finally, learning curves were used to examine training behavior
and generalization performance. For SVM and REF, the learning curves show how training
accuracy and validation accuracy changed as the number of training samples increased.
For CNN and the proposed multimodal network, the loss and accuracy curves of the
training and validation sets were tracked over epochs to assess convergence behavior and
potential overfitting. To complement overall accuracy under class imbalance, class-balanced
summary metrics were also used in the model comparison, and the corresponding results
are presented together with the confusion matrix analysis in Section 5.2.

5. Results and Discussion

This section presents the classification performance of the four models from comple-
mentary perspectives. The analysis first examines the training behavior and learning curves
to evaluate convergence and potential overfitting. It then compares the prediction results
using confusion matrices, class-balanced evaluation metrics, and ROC curves. Finally,
feature contribution and supplementary external validation are discussed to interpret the
model behavior and assess its preliminary robustness.

5.1. Training Behavior and Learning Curves

The training behavior was analyzed separately for the structured data models and
the deep learning models because their input forms and optimization processes differ. For
SVM and REF, learning curves were used to examine the effect of training set size on model
generalization. For CNN and MNN, training and validation accuracy and loss curves were
monitored over epochs to evaluate convergence behavior and possible overfitting.

5.1.1. Learning Curves of Structured Data Models

Figure 4a,b illustrates the learning behavior of the two feature-based models as a
function of training set size. In Figure 4a, the SVM exhibits a typical convergence pattern:
both the training score and the cross-validation score improve steadily, and the gap between
them narrows significantly as the number of training samples increases. This decreasing
divergence indicates that the model generalizes well and does not suffer from severe
overfitting. However, both curves gradually approach a plateau at larger sample sizes.
This saturation helps explain the residual classification errors discussed in later sections
and suggests that feature-based decision boundaries are insufficient to fully resolve the
ambiguity of borderline defect classes, particularly Class II. In contrast, the RF learning
curves in Figure 4b maintain a noticeable gap between training performance and validation
performance across all sample sizes. This divergence reflects the stronger flexibility of the
ensemble model in fitting the training data, but it also indicates a larger variance component.
More importantly, the validation accuracy reaches a plateau without converging toward the
training level, suggesting an inherent limitation in feature separability. This result indicates
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that simply increasing the number of training samples cannot eliminate the underlying
overlap among borderline cases. This finding is consistent with the confusion matrix results
and further confirms that the generalization gap largely reflects the intrinsic difficulty of
distinguishing intermediate integrity classes.

— Training accuracy

0.70] — Cross-validation accuracy 0.90

0.65 0.85
Z g 0.80

). R
3 0.60 8
< s}

055 < 0.75

0.70
0.5 —— Training accuracy
) . . . . - - - 0.65 —— Cross-validation accuracy
1000200 300 SH00E 00600 00 0 100 200 300 400 500 600 700
Training set size Training set size
(a) (b)

Figure 4. Learning curves of the structured data models for pile integrity classification: (a) SVM;
(b) RE.

5.1.2. Training Dynamics of Deep Models

Figure 5 summarizes the optimization behavior and generalization trends of the deep
models. For the CNN model, the final training accuracy and validation accuracy were
approximately 0.80 and 0.74, respectively, while the final training loss and validation loss
were approximately 0.50 and 0.70, respectively. The training accuracy increased rapidly
during the early epochs and then continued to improve with modest gains, whereas the
validation accuracy increased more slowly and showed noticeable fluctuations. Meanwhile,
the training loss decreased continuously and stabilized at a lower level, while the validation
loss remained higher and fluctuated around approximately 0.70 at the final stage. This
divergence between the training and validation curves indicates a persistent generalization
gap. It suggests that relying only on waveform images makes the CNN more sensitive to
local noise, plotting variations, and limited image diversity in the reflectogram dataset. For
the MNN model, the final training accuracy and validation accuracy were approximately
0.89 and 0.85, respectively, and the final training loss and validation loss were approximately
0.33 and 0.52, respectively. The accuracy curves increased rapidly during the early training
stage and then gradually stabilized, with the validation accuracy plateauing at a relatively
high level. The loss curves also decreased sharply at the beginning and then approached a
stable state. Although a moderate gap between the training and validation loss remained,
the validation accuracy curve was smoother and more stable than that of the CNN. This
convergence behavior indicates that the integration of structured descriptors and waveform
images helped improve learning stability and reduced the instability associated with
using image inputs alone. These observations are consistent with the superior overall
performance of the MNN in the subsequent classification evaluation.

5.2. Confusion Matrix Analysis

Figure 6 compares the prediction behavior of the four models across the integrity
classes. For the structured data baselines, both SVM (Figure 6a) and RF (Figure 6b) achieve
high recall for Class I, reaching 94.62% and 97.69%, respectively, which indicates reliable
recognition of clearly serviceable piles. However, Class II remains challenging for both
models, with substantially lower recall values of 37.50% for SVM and 43.75% for RF. In
both confusion matrices, the dominant error is the misclassification of Class II as Class
I, involving nine cases for SVM and eight cases for RE. This result suggests that mildly
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defective piles are often categorized as sound piles when the decision boundaries rely only
on the current set of structured descriptors. In addition to Class II, persistent confusion
is also observed between Class III and Class IV, which is important in practice because
these classes may require different engineering treatments. The SVM model shows nearly
symmetrical errors, with eight cases of Class III misclassified as Class IV and eight cases
of Class IV misclassified as Class III. For RF, the dominant error source shifts to Class III
samples being misclassified as Class IV, involving 13 cases. These results indicate that the
boundary between repairable piles and structurally deficient piles is still not sufficiently
resolved by the current structured feature set, likely because the associated attenuation and
reflection patterns remain similar under complex field conditions [28].
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Figure 5. Training and validation curves of the deep models for pile integrity classification: (a) CNN
accuracy; (b) CNN loss; (¢) MNN accuracy; (d) MNN loss.

The CNN based only on image inputs (Figure 6¢) further highlights the limitations of
relying solely on visual waveform representations, with the overall accuracy decreasing to
74.34%. Its main weakness appears in Class III, for which the recall is only 33.33% (nine
out of 27 cases). Many of these samples are instead assigned to Class I (12 cases) or Class
II (six cases). In addition, the misclassification of Class II as Class IV, involving 11 cases,
suggests that the visual mapping from waveform morphology to ordered integrity grades
remains unstable. This result implies that the CNN is more sensitive to plotting style, local
noise, and limited image diversity, and that stronger regularization and more robust data
augmentation may be needed to improve generalization [29,30]. By contrast, the MNN
(Figure 6d) shows better overall robustness by combining paired structured and visual
representations. In particular, Class I retains high recall, and the recognition of Class IV is
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strengthened. The high precision achieved for Class III, reaching 93.18%, also suggests that
the model is effective in suppressing spurious defect-related assignments. Nevertheless, the
recall of Class II remains low at 18.75%, indicating that borderline defects are still strongly
coupled with Class I even after multimodal fusion. Therefore, the advantage of the MNN
should be understood as an improvement in overall robustness and in the discrimination

of extreme classes, rather than as a complete resolution of the ambiguity associated with
Class II.
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Figure 6. Confusion matrices showing sample counts for four class pile integrity classification on the
evaluation subset: (a) SVM; (b) RF; (¢) CNN; (d) MNN.

To complement the above confusion matrix analysis under class imbalance, the models
are further compared using the class-balanced summary metrics listed in Table 2. As
shown in Table 2, the MNN achieves the highest overall accuracy, whereas RF yields
the best Macro-Recall and Macro-F1. This comparison indicates that multimodal fusion
improves overall classification performance, but its advantage is not uniform across all
classes, especially for the borderline Class II category.

Table 2. Summary of class-balanced evaluation metrics on the evaluation subset.
Model Accuracy (%)  Macro-Precision (%)  Macro-Recall (%) Macro-F1 (%) Balanced Accuracy (%)
SVM 83.7 70.86 69.52 70.14 69.52
RF 83.33 75.19 70.49 71.53 70.49
CNN 74.34 67.75 63.90 65.03 63.90
MNN 84.65 73.94 69.70 69.91 69.70

Note: Balanced accuracy is numerically identical to Macro-Recall in the present four class setting.
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5.3. ROC and AUC Analysis

Beyond overall accuracy, one versus rest ROC curves provided further insight into
the separability of individual classes (Figure 7). As reflected by the AUC values, the
models achieved better performance in classifying clearly defined states, namely intact
piles and severely defective piles, while showing relatively lower discriminative ability
for intermediate categories. Figure 7a illustrates the ROC performance of the SVM model.
The model achieved high AUC values of 0.95, 0.96, and 0.97 for Classes I, III, and IV,
respectively, demonstrating strong discriminative ability for clearly intact piles and piles
with significant defects. However, a noticeable decline in performance was observed for
Class II, with an AUC of 0.85. This reduction suggests that the subtle reflected signal
characteristics associated with slight defects are more easily masked by signal attenuation
and noise, making them difficult to distinguish from adjacent integrity categories. Figure 7b
presents the ROC curves for the RF model, which yielded AUC values of 0.97, 0.89, 0.95,
and 0.97 for Classes I to IV, respectively. Similar to the SVM results, RF maintained high
separability for intact piles and severely defective piles, whereas Class Il remained the most
challenging category, with an AUC of 0.89. Notably, RF showed a slight improvement in
the separability of Class Il compared with SVM. This improvement likely arises from the
ensemble nature of RF, which is more capable of capturing nonlinear interactions among
engineered features [31]. However, the persistent performance gap between Class I and
the other categories underscores the intrinsic difficulty of delineating the boundary of slight
defects using feature-based approaches.
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Figure 7. One versus rest ROC curves of the four models for pile integrity classification: (a) SVM;
(b) RF; (c) CNN; (d) MNN.
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Following the assessment of models based on structured numerical data, namely SVM
and RF, Figure 7c illustrates the ROC performance of the CNN model. Although the CNN
achieved exceptional separability for the most distinct category, namely Class IV, with a
near perfect AUC of 0.99, and also showed strong performance for Classes I and III, both
with an AUC of 0.94, it did not resolve the bottleneck associated with Class II, for which the
AUC was 0.83. This decline in performance is consistent with the confusion matrix results,
in which borderline defects were frequently misclassified into adjacent grades. These
results suggest that when the model relies only on visualized reflectograms, the visual
signatures of slight defects are less stable and are highly sensitive to plotting variations
and local noise. Finally, Figure 7d presents the ROC performance of the MNN, which
integrates both structured numerical data and waveform images. The MNN achieved AUC
values of 0.94, 0.83, 0.94, and 0.99 for Classes I to IV, respectively. These results indicate
that multimodal fusion effectively preserved the high separability of clearly defined states,
particularly by achieving near perfect identification of severely defective piles, with Class IV
reaching an AUC of 0.99. However, Class Il remained the limiting case, with an AUC of 0.83,
which is consistent with the trends observed in the single modality models. This persistent
bottleneck indicates that combining feature-based and image-based representations does
not automatically resolve the ambiguity of slight defects. Instead, the signal and visual
overlap associated with Class Il appears to be intrinsic to the physical response rather than
a limitation of any single data modality. This interpretation is further supported by the
feature contribution analysis, as discussed in the following section.

5.4. Feature Contribution

To improve model interpretability, feature importance was examined using the RF
model, as shown in Figure 8. The analysis shows that the number of peaks was the most
important feature for classification. This finding is physically consistent with the principles
of low-strain testing, in which pile defects generate multiple reflections that increase the
complexity and peak density of the reflectogram. The strong dependence of the RF model
on this feature indicates that it effectively captures defect-related signal patterns. This
result also supports the effectiveness of the peak count sequence in the structured modality,
confirming its ability to condense complex waveform irregularities into a compact and
informative indicator. However, the dominance of peak count may also introduce a poten-
tial bias in the recognition of subtle defects. Peak count is effective for identifying distinct
reflection irregularities, especially for clearly defective piles. For Class II piles, however,
slight or borderline defects may generate weak, broad, or partially attenuated reflections
that remain below the selected amplitude thresholds. In such cases, the peak count descrip-
tor may underestimate minor anomalies and shift these samples toward Class I or adjacent
grades. Therefore, the high importance of peak count should be interpreted together with
its limited sensitivity to weak reflections associated with borderline defects. The assumed
wave velocity and pile length were the next most important features, as they serve as
key control parameters for time to depth conversion. Their high importance reflects the
need for accurate temporal scaling in order to correctly locate reflections and define defect
boundaries. Pile diameter also made a meaningful contribution, which is consistent with its
role in determining pile impedance and signal attenuation characteristics [32]. By contrast,
waveform amplitude difference showed the lowest contribution among the selected inputs.
During feature construction, alternative candidate variables, including peak amplitude,
peak location, amplitude difference, pile length, pile diameter, and assumed wave velocity,
were considered or included to improve robustness. Nevertheless, amplitude-related de-
scriptors are susceptible to impact energy variation, sensor coupling conditions, pile-soil
interaction, and signal attenuation under field testing conditions. Under such conditions,
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single point amplitude information is less stable than waveform morphology-based de-
scriptors, which explains the relatively low contribution of waveform amplitude difference
in the feature importance analysis.

Random Forest Featurc Importance

Wave amplitude difference

Pile diameter (m)

The length of the piles (m)

Set the wave velocity (m/s)

Number of peaks

0.00 0.05 0.10 0.15 0.20 0.25
Feature Importance

Figure 8. Feature importance of the RF model for pile integrity classification based on structured data.

Importantly, the feature importance profile also clarifies why additional feature en-
gineering based on the present waveform records could not fully resolve the persistent
difficulty in classifying Class II piles. During feature construction, several waveform de-
scriptors were examined as candidate variables, including peak amplitude, peak location,
amplitude difference, and peak count descriptors under multiple amplitude thresholds.
However, amplitude-related descriptors are susceptible to impact energy variation, sensor
coupling conditions, pile-soil interaction, and signal attenuation under field testing condi-
tions. This explains why waveform amplitude difference showed the lowest contribution
among the selected inputs. In comparison, the peak count sequence within the effective pile
length range provides a relatively stable description of waveform irregularity, which is con-
sistent with its dominant contribution in the RF feature importance analysis. Nevertheless,
this feature strategy still has limitations for borderline defects. Class II represents a transi-
tional state characterized by mild or borderline anomalies, in which reflection signatures
are inherently weak, broad, or partially attenuated. Such reflections may remain below the
selected amplitude thresholds and therefore may not develop into clearly distinguishable
peak count patterns. As a result, slight defects can occupy an ambiguous region in the
feature space and overlap with adjacent grades. This may partly explain the consistently
lower AUC values for Class II in the ROC analysis shown in Figure 7 and the frequent
misclassification into neighboring categories observed in the confusion matrices.

5.5. External Validation Using Model Pile Measurements
5.5.1. External Validation Dataset and Test Configuration

To further examine the generalization ability of the proposed models beyond the
engineering dataset, a supplementary external validation test was conducted using cast
model piles with designed defects. Low-strain reflection tests were performed using
a PIT pile integrity tester (model C2-070; Pile Dynamics, Inc., Cleveland, OH, USA),
with hammers and rods selected according to pile geometry and concrete grade. The
acquired signals were processed in PIT-W20009 using standard field procedures, including
filtering and exponential amplification, and were then exported for model inference. As
shown in Figure 9, five precast rectangular reinforced concrete model piles made of C35
concrete were fabricated with a nominal length of 13 m and representative cross-sections of
400 mm x 400 mm, 400 mm x 500 mm, and 400 mm x 200 mm. In Figure 9, the numbers
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on the left and right sides denote the reflectogram record IDs obtained by testing each
physical pile from opposite ends, and the dashed rectangle indicates an embedded
timber block defect. To simulate common integrity anomalies, intentional geometric
defects, including necking and bulging, were introduced at different locations along the
pile axis. Because the defects were arranged asymmetrically, the reflectograms measured
from opposite ends showed different reflection timing and attenuation characteristics. Each
physical pile was therefore tested from both ends, yielding a total of 10 reflectogram records.
Table 3 summarizes the external validation specimens and records and links each physical
pile to its two end measurements and the corresponding defect layout.

5 I — | (
4+ I o
3 I
> e e
| e .

Figure 9. Geometry and designed defect layout of the five reinforced concrete model piles used for
external validation.

Table 3. Summary of external validation specimens, measurement records, and defect layouts.

Pile
1D

Record

Head Section Length

(m % m) (m) Defect Configuration

P1

P2

P3

1#

6#

2#

7#

3#

8#

0.5 m: sudden bulging, 0.4m x 0.4m — 0.4m x 0.5m
1.3 m: sudden necking, 0.4 m x 0.5m — 0.4 m X 0.4 m
7.0 m: sudden necking, 0.4 m x 04m — 0.4m x 0.3 m
8.0 m: sudden bulging, 0.4 m X 0.3m — 0.4m X 0.4 m
5.0 m: sudden necking, 0.4m x 0.4m — 0.4m x 0.3 m
6.0 m: sudden bulging, 0.4 m X 0.3m — 04m X 0.4 m
11.7 m: sudden bulging, 0.4 m x 0.4m — 04 m x 0.5m
12.5 m: sudden necking, 0.4 m x 0.5m — 0.4 m X 0.4 m
1.0 m: sudden necking, 0.4 m x 0.5m — 04 m X 0.4 m
7.5 m: sudden necking, 0.4 m x 04m — 0.4m x 0.3 m
8.5 m: sudden bulging, 0.4m x 0.3m — 0.4m x 0.5m
10.0 m: sudden necking, 0.4 m x 0.5m — 04 m X 0.4 m
3.0 m: sudden bulging, 0.4 m X 04m — 04 m x 0.5m
4.5 m: sudden necking, 0.4m x 0.5m — 0.4m x 0.3m
5.5 m: sudden bulging, 0.4 m x 0.3 m — 0.4 m X 0.4 m
12.0 m: sudden bulging, 0.4 m x 0.4m — 04 m x 0.5m
3.0 m: sudden necking, 0.4 m x 04m — 0.4m x 0.3 m
4.0 m: sudden bulging, 0.4 m x 0.3 m — 04 m X 0.4 m
0.4 x04 13 7.0 m: sudden necking, 0.4 m x 0.4m — 0.4m x 0.3 m

7.5 m: sudden bulging, 0.4 m X 0.3m — 04 m x 0.4 m

Embedded timber block (0.1 m x 0.1 m x 1.0 m), from 12.0 m to pile toe
Embedded timber block (0.1 m x 0.1 m x 1.0 m) placed at the pile head

5.5 m: sudden necking, 0.4m x 0.4m — 0.4m x 0.3m
0.4 x0.4 13 6.0 m: sudden bulging, 0.4 m x 0.3m — 0.4m x 0.4 m

9.0 m: sudden necking, 0.4 m x 04m — 0.4m x 0.3 m

10.0 m: sudden bulging, 0.4 m x 0.3 m — 04 m x 0.4m

04 x 04 13

04 x 04 13

04 % 0.5 13

04 x 04 13
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Table 3. Cont.

Pile
ID

Record

Head Section Length
(m x m) (m)

Defect Configuration

P4

P5

4#

9#

5#

10 #

04 x 0.5 13

04 x 04 13

0.8 m: sudden necking, 0.4 m x 0.5m — 0.4m x 0.3 m
1.1 m: sudden bulging, 0.4 m x 0.3 m — 0.4m x 0.4 m
7.0 m: sudden bulging, 0.4 m x 04 m — 0.4m x 0.5m
8.0 m: sudden necking, 0.4 m x 0.5 m — 0.4m x 0.4m
5.0 m: sudden bulging, 0.4 m x 0.4m — 0.4m x 0.5m
6.0 m: sudden necking, 0.4m x 0.5m — 04 m x 0.4 m
11.9 m: sudden necking, 0.4 m x 0.4 m — 04m X 0.3 m
12.2 m: sudden bulging, 0.4 m x 0.3 m — 04 m x 0.5m
3.0-3.5 m: gradual bulging, 0.4 m x 0.4 m — 0.4m x 0.6 m

0.4 x 04 13 3.5 m: sudden necking, 0.4 m x 0.6 m — 0.4m x 0.4m

7.0-7.5 m: gradual necking, 04 m x 0.4m — 0.4m x 0.2m
4.0-5.5 m: gradual bulging, 0.4 m x 0.2m — 0.4m x 0.4m

0.4 x0.2 13 9.5 m: sudden bulging, 0.4m x 0.4m — 0.4 m x 0.6 m

9.5-10.0 m: gradual necking, 0.4 m X 0.6 m — 0.4m x 0.4 m

Following standard low-strain testing practice, the hammer impact was applied near
the center of the pile head. As shown in Figure 10, the letters A and B denote the side
dimensions of the rectangular pile head, and the fractional labels, such as 1/2A and 3/4B,
indicate the relative distances used to define sensor positions. The open circles represent
sensor placements, whereas the filled circle represents the hammer impact point. Sensors
were mounted at multiple positions around the pile head to reduce interference from radial
vibration components and to improve measurement stability for rectangular sections. Each
measurement was repeated at least three times, and the representative reflectogram show-
ing consistent excitation and clear reflection features was selected for subsequent analysis.
The ground truth integrity grades for the model pile records were assigned by qualified
testing engineers based on the measured reflectograms, in a manner consistent with routine
inspection practice. Because the fabricated model piles were intentionally designed to
represent defective conditions and therefore did not include intact Class I specimens, an
additional set of 10 Class I piles from engineering practice was incorporated to complete
the supplementary external validation dataset covering all four classes. These intact cases
were selected based on formal inspection reports issued by qualified engineers and stable
reflectograms, and they were used only for this supplementary validation. It should there-
fore be noted that the final external validation set combined records from two different
sources, namely model pile measurements for defective cases and field measurements for
intact cases. The resulting external validation set comprised 20 reflectogram records, and
its class composition is summarized in Table 4.

3
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Figure 10. Sensor mounting positions and measurement layout at the pile head.
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Table 4. Composition of the supplementary external validation set with mixed data sources.

Source Records Class I Class II Class III Class IV
Model piles (two ends per pile) 10 0 3 5 2
Field piles (Class I only) 10 10 0 0 0
Total 20 10 3 5 2

5.5.2. External Validation Performance

The supplementary external validation results are summarized in Figure 11 and
Table 5. Overall, the four models correctly classified 15/20 samples for SVM, 16/20 for RF,
14/20 for CNN, and 17/20 for MNN, corresponding to accuracies of 75%, 80%, 70%, and
85%, respectively. Although the sample size was limited and the validation set contained
records from mixed sources, the ranking of model performance remained consistent with
that observed on the main evaluation subset, with the MNN showing the best overall
performance. This consistency suggests that the advantage of multimodal fusion was not
confined to a single training and testing split.
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Figure 11. Confusion matrices of the four models on the external validation set (n = 20) : (a) SVM;
(b) RF; (c) CNN; (d) MNN.
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Table 5. Overall accuracy of the four models on the supplementary external validation set.

Model Correct/Total Accuracy
SVM 15/20 75%
RF 16/20 80%
CNN 14/20 70%
MNN 17/20 85%

The confusion matrices in Figure 11 further show that most of the residual errors
occurred between adjacent integrity grades rather than between the intact and severely
defective classes. This pattern is consistent with the results obtained on the main evaluation
subset and indicates that the principal difficulty still lay in distinguishing borderline
conditions with weak or overlapping reflection signatures. Compared with the single
modality baselines, the MNN exhibited fewer cross-grade confusions overall, suggesting
that the combination of structured and visual information improved robustness when one
representation alone was insufficiently informative. However, because intact and defective
samples were drawn from different sources, the present results should be interpreted
as preliminary evidence of robustness across different scenarios rather than definitive
proof of field generalization under balanced source conditions. The generalizability of the
proposed models may also be affected by project source, pile type, soil condition, testing
device, excitation condition, sensor coupling, and labeling practice. Therefore, broader
validation using independent and cross-site datasets is required before the model can be
considered transferable across diverse engineering conditions. Such validation is feasible
in practice because routine pile integrity testing generates large numbers of low-strain
records. However, it requires consistent data archiving, unified integrity labeling criteria,
and standardized preprocessing procedures.

5.6. Practical Implications for Field Pile Integrity Evaluation

From an engineering application perspective, the proposed framework can be regarded
as a computer-assisted decision support approach for field pile integrity evaluation. In
routine low-strain testing, a large number of reflectograms are commonly generated during
pile inspection, and these records are often stored as coordinate data, waveform plots, or
both. Based on the preprocessing workflow established in this study, such records can be
converted into paired structured descriptors and waveform images, allowing the trained
model to provide preliminary integrity classification for batch screening.

The practical value of the proposed method lies mainly in improving the efficiency and
consistency of preliminary interpretation. Conventional low-strain testing still depends
largely on manual judgment, and interpretation may be influenced by analyst experience,
signal noise, and the complexity of reflected waveforms. By applying a unified learned
decision rule to both structured and image representations, the proposed multimodal
framework can reduce repetitive manual workload and provide a more consistent screening
reference for large-scale inspection datasets. In addition, the model output can assist
engineers in identifying piles that require closer review, retesting, or verification using
complementary methods. It should be emphasized, however, that the proposed framework
is not intended to replace professional engineering judgment. Final integrity assessment
and treatment decisions should still be made by qualified engineers based on the original
testing signals, project information, site conditions, and applicable technical standards.

6. Conclusions

This study developed a dual representation multimodal learning framework for
pile integrity classification into four classes using low-strain reflection testing records.
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By combining engineered structured descriptors with waveform images, the proposed
multimodal neural network (MNN) was compared with SVM, RF, and CNN baselines.
Based on the present results, the following conclusions can be drawn:

(1) Among the evaluated models, the MNN achieved the best overall performance on
the engineering evaluation subset, indicating that the fusion of structured descriptors
and waveform images can improve overall classification robustness compared with
single representation baselines.

(2) The information derived from the numbers of waveform peaks identified under
several amplitude thresholds proved to be informative for classification. The RF
feature importance analysis showed that this information contributed strongly to the
classification process, suggesting that the distribution and complexity of reflected
waveform peaks within the effective pile length range provide a useful compact
representation of waveform irregularity.

(3) Despite the overall advantage of the MNN, all models showed limited discrimina-
tion for the borderline Class II category. This finding indicates that slight defects
are intrinsically difficult to separate from adjacent grades using the current signal
representations and feature set. Future work should therefore focus on introducing
more defect-sensitive descriptors and physically informed signal representations.

(4) Supplementary external validation using model pile records and additional intact field
piles showed a consistent ranking of model performance, with the MNN remaining as
the best performing model overall. However, because this validation set was limited
in size and contained samples from different sources, the observed generalization
should be interpreted with caution. A larger external dataset with balanced data
sources is still needed before broader engineering generalization can be claimed.

These limitations define the next step of this research. Future work will focus on
collecting independent and cross-site low-strain testing datasets from different projects,
pile types, ground conditions, and testing devices to further evaluate the transferability
and practical generalization of the proposed framework. In addition, consistent data
archiving, unified integrity labeling criteria, and standardized preprocessing procedures
will be required to support reliable cross-site validation.
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Abbreviations

AUC  Area under the curve

CNN  Convolutional neural network
LST Low-strain reflection testing
ML Machine learning

MNN  Multimodal neural network
RBF Radial basis function

RF Random forest
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RGB Red, green, and blue
ROC  Receiver operating characteristic
SVM  Support vector machine
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