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This study explores the potential of integrating bender element signals with a convolutional neural 
network (CNN) to predict the particle size distribution of relatively uniform sand. A one-dimensional 
CNN analyzed time-series signals from bender elements across four sand types with particle sizes 
ranging from 0.5 to approximately 7 mm, under vertical stresses of 10, 50, and 150 kPa in three 
different cutoff frequencies (10, 50, and 100 kHz). The CNN architecture included convolutional layers 
augmented with batch normalization and ReLU activation functions, optimized through Bayesian 
techniques to enhance prediction accuracy. Experimental results demonstrated that higher stresses 
increased resonant frequencies and reduced arrival times of shear waves, with minor dependencies on 
soil type. Nevertheless, the developed CNN model well classified the four sand types at a given vertical 
stress and cutoff frequency, implying that the unique pattern of each sand type can be satisfactorily 
captured by the CNN algorithm. Overall, the framework shown in this study demonstrates that 
the bender element (or pattern of receiving shear wave signals) with the CNN model can be used in 
monitoring real-time variation of sand particle size.
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Bender elements, which comprise a central metal shim and two piezoelectric material sheets, are transducer 
designed to generate and detect shear waves using the piezoelectric effect. Since it is known that the bender 
elements exhibit superior coupling with granular materials, they have found extensive application in the 
assessment of shear waves in granular materials, both in controlled laboratory settings and in field conditions. 
Many researchers have used bender elements in laboratory experiments, including triaxial, direct shear, and 
oedometer tests1–4. Furthermore5, horizontally installed several bender elements at different heights within a 
sand layer to monitor shear waves propagated during liquefaction. In field applications6, introduced a field probe 
incorporating bender elements to characterize shear waves in clay layers.

Shear wave velocity can be determined by using a pair of bender elements to measure shear waves. One 
element acts as the sender, and the other serves as the receiver. After activating the input signal, the time interval 
between the rising edge of the input signal and the endpoint of the first small bump of the output signal is 
regarded as the first arrival time. The shear wave velocity is then calculated by dividing the travel distance between 
the two elements by the first arrival time. While bender elements have been widely used in clayey and sandy 
soils, recent studies have demonstrated their applicability in geotechnical engineering such as assessing stiffness 
characteristics of geogrid-reinforced aggregates during repeated load triaxial tests and in unbound aggregate 
layers under field conditions7–10, characterizing propagation of shear wave through soils11,12, and assessing shear 
modulus of soil-rubber mixtures13,14.

The convolutional neural network (CNN) is one of the deep learning models, which is documented as an 
efficient algorithm for pattern recognition. Therefore, CNN has been widely used in many engineering applications 
such as structural damage identification15–18, slope stability19–21, seismic response prediction22,23, and soil 
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properties24–26. The abovementioned studies successfully developed CNN models with good performance (i.e., 
good accuracy of classification). Although many previous studies showed the prediction of soil properties (i.e., 
hydraulic conductivity, soil water characteristics curve, shear strength) using many types of regression-based 
machine learning models (random forest, extreme gradient boosting, decision tree)27–32, the classification model 
would be required if the prediction of soil properties are achieved by pattern recognition. The abovementioned 
regression and classification machine learning model to predict soil properties provided reliable prediction 
models, but estimating soil properties through bender element signals has not been documented.

The particle size of soil is one of the most important spatially variable soil properties because of its ability to 
obtain insight into soil behavior from measured particle sizes (or particle size distribution). When the soil samples 
are available, particle sizes of soil are relatively easy to measure in the laboratory because it is not dependent on 
soil disturbance unlike other macroscale soil properties (e.g., shear strength, hydraulic conductivity, and soil 
stiffness)33–35. Therefore, many studies investigated the estimation of soil hydraulic properties (e.g., hydraulic 
conductivity and soil water characteristics curve) from measured particle sizes (estimating difficult-to-measure 
properties from easy-to-measure properties)36–38. However, the non-destructive evaluation of particle sizes at 
the construction site is relatively challenging, which is occasionally required as the soil sampling is not always 
available.

The automatically learned hierarchical features of CNN enable providing good classification accuracy by 
efficient training of data with complex patterns. This indicates the chance of developing a CNN model from 
the pattern of bender element signals for predicting soil properties. Therefore, this study aims to evaluate the 
chance of classifying sand type (or particle size of sand) using the bender element signals combined with CNN. 
The bender element signals were obtained in laboratory for training the CNN model and the performance of the 
developed CNN model is discussed. In addition, the potential applications of the developed framework in this 
study in particle size-related soil properties are also discussed.

Materials and methods
Materials
Four types of sand (K1, K2, K3, and K5) were selected for bender element experiments. As seen in particle size 
distributions (Fig. 1) and pictures of sand (Fig. 2), all sands selected in this study were relatively uniform where 
the coefficient of uniformity (Cu) < 2. The roundness of four selected sands was higher than 0.7 (evaluated by 
image analysis of sand particles), which indicates that all sands used in this study can be classified as rounded 
sand. The properties of sands used in this study are summarized in Table 1.

Fig. 1.  Sieve analysis of K1, K2, K3, and K5 sand used in bender element experiments.
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Notation Property Testing method K1 K2 K3 K5

Gs Specific gravity ASTM D854 2.65 2.65 2.65 2.65

emax Maximum void ratio ASTM D4253 0.956 0.824 0.845 0.972

emin Minimum void ratio ASTM D4254 0.728 0.753 0.728 0.735

d50 (mm) Median particle size ASTM D422 4.8 3.4 1.7 0.83

Cu Coefficient of uniformity – – 1.55 1.45 1.45

R Roundness – 0.748 0.768 0.757 0.813

Table 1.  Properties of sand used in this study.

 

Fig. 2.  Pictures of four sands used in the bender element experiments.
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The four types of sand used in this study represent particle sizes ranging from 0.5 to ~ 7  mm, which 
corresponds to particle sizes of coarse and medium sands. In addition, the uniform particle size distributions 
of the four sand types (Fig. 1) imply that the pattern of bender element signals used in the training CNN model 
likely represents d50 of sand.

Experimental setup for training dataset
The sand specimens were prepared in a cylindrical confining cell with inner dimensions of 136 mm in diameter 
and 180 mm in height, as shown in Fig. 3. The oven-dried sand was placed in the cell by using the pluviation 
method. A pair of bender elements was located at a height of 70 mm from the bottom plate. One bender element, 
connected to a signal generator, transmitted elastic waves through the sand specimen. For that, a square input 
signal with an amplitude of 10 V and a frequency of 20 Hz was used. The other bender element detected the 
elastic waves, and the output signals, filtered within a specific frequency range, were recorded on an oscilloscope. 
For each type of sand, three different vertical stresses of 10, 50, and 150  kPa were applied to the top of the 
specimen. For each vertical stress, three cutoff frequencies of 10, 50, and 100 kHz were used for a low-pass filter, 
while the cutoff frequencies for a high-pass filter were set to 500 Hz. A total of 115 signals were saved for each 
vertical stress in a specific type of sand. Note that the three vertical stresses selected in this study were to simulate 
sand in a shallow depth, which is consistent with the range of stress levels in the literature39,40.

Experimental setup for model validation
To assess the ability to apply the developed framework in the field, the penetration device with bender elements 
was designed to simulate field experimental conditions in the laboratory (Fig. 4). The device was penetrated the 
K1 sand medium to obtain bender element signals throughout the depth of ~ 500 mm, which was used as input 
signals in the developed CNN model. The validation result with field applicability of the developed framework 
in this study is discussed in Sect. 4.4. Note that the sand in Fig. 4a was prepared using the pluviation method, 
which is consistent with the preparation method for cylindrical cell.

Convolutional neural network
Database construction and scenarios of model development
The one-dimensional CNN was used to classify the sand type from the time-series bender element signals. A 
total of 460 datasets with 115 datasets for each type of sand in each scenario were applied to train the CNN 
model for given vertical stress and frequency. The CNN models were developed for nine scenarios (Table 2) to 
investigate the impact of vertical stress and frequency on the performance of CNN models. In each scenario, 
the dataset was randomly split into 368 and 92 datasets for training and test datasets (Fig. 5) based on the split 
ratio of 80:20. Note that CNN was selected in this study because it is one of the most common machine learning 
algorithms for pattern recognition of signals and images as found in the literature41–46.

The raw bender element signals consist of 26,987 data points in each dataset during the measurement time 
of approximately 27 ms. However, training raw datasets are computationally expensive because of the high 
number of data points (10,578,904 data points for 392 training datasets). Therefore, datasets were filtered from 
the elapsed time = 0–4 ms (4,000 data points) in training CNN models in this study (Fig. 5). As seen in Fig. 5, 
filtered datasets showed unique patterns of signals for four sands, which implies that the filtered datasets can 

Fig. 3.  A schematic of experimental setup.
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effectively classify the sand type by the CNN model. The z-normalization was adopted to prevent downgrading 
of model performance caused by the various ranges of amplitude values47. The labels of the dataset for K1, K2, 
K3, and K5 sands were standardized as 0, 1, 2, and 3 respectively. A schematic illustration of data preprocessing 
is presented in Fig. 5.

Fig. 5.  Schematic drawing of data preprocessing.

 

Scenario no. Vertical stress (kPa) Cutoff frequency for lowpass filtering (kHz)

1

10

10

2 50

3 100

4

50

10

5 50

6 100

7

150

10

8 50

9 100

Table 2.  Scenarios of CNN models.

 

Fig. 4.  A schematic of experimental setup for model validation (a) and designed penetration device (b).
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Structure of 1D CNN model
Three convolutional layers were applied for the structure of one-dimensional CNN in this study. Nd (number of 
data in each dataset) × 1 of data points was convoluted through Nf (number of filters) filters using Relu function 
and batch normalization. The filtered layers by Nf were averaged after Nd × 1 data points passed through the 
three convolutional layers. The softmax function yielded the probability of classifying four sand types, which 
enables classifying the sand type for given signals as the sand type with the maximum probability. A schematic 
illustration of the 1D CNN structure selected in this study is presented in Fig. 6.

Hyperparameter tuning of 1D CNN model
In this study, Nf and kernel sizes of three convolutional layers were tuned during the training phase to obtain the 
best accuracy. The search space of Nf and kernel sizes were selected as [1, 100] and [1, 10] respectively, which 
are typical ranges for CNN models. Bayesian optimization tuning technique was selected with the validation 
accuracy during training being selected as the objective function for hyperparameters tuning. The best Nf and 
kernel size for each CNN model were recorded and the model accuracy for test datasets was evaluated using the 
best Nf and kernel size. Note that the accuracy of the CNN model without hyperparameter tuning (default Nf 
and kernel size were 64 and 3 respectively) was lower than 0.7, indicating that the tuning of hyperparameters is 
essential to develop a reliable CNN model for predicting sand type.

Performance measurement
The performance of CNN models for nine scenarios was assessed by categorical accuracy, which represents 
the sum of true positive divided by the total number of test datasets. In addition, precision, recall, and f1 score 
(harmonic mean of precision and recall scores) were also evaluated to assess the proportion of true positive 
predictions among all positive predictions, true positive predictions among all actual positive cases, and the 
balance between sand classes respectively. The average of four precision, recall, and f1 scores were evaluated in 
each CNN model.

Because the performance of one CNN model in a given scenario is limited to the specific split of training and 
test datasets, one hundred CNN models (training and test datasets were randomly selected) for each scenario 
were developed in this study to evaluate the uncertainty of performance and to provide the reliable performance 
of developed CNN models. The mean and standard deviation of performance-related values (accuracy, precision, 
recall, and f1 scores) were evaluated for each scenario.

The pattern of bender element signals can be also captured at a higher time interval than raw signals (time 
interval (Δt) = 1 µs). Therefore, the downsizing factor (Fd) was applied in this study to assess the optimal time 
interval of signals for good performance with low training time. For example, Fd = 2 represents sampling every 
two data points from the raw dataset (Δt = 2 µs). The accuracy and training time of one hundred CNN models at 
Fd = 1, 5, 10, 50, 100, 500, and 1000 were evaluated in this study.

Fig. 6.  Structure of convolutional neural network used in this study.
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Results and discussion
Experimental observations
Figure 7 shows the typical waveforms of output signals along the vertical stress changes, in comparison to the 
input signals. A cutoff frequency of 100 kHz was selected for the output signals presented in Fig. 7 to prevent 
distortion of the original waveform caused by lowpass filtering7, resulting in the presence of undesired high-
frequency noise in the output signals. Figure 7a demonstrates that for K2, the resonant frequency of shear waves 
increases with the vertical stress. In addition, the output signals under higher vertical stress exhibit shorter first 
arrival times of shear waves. As presented in Fig. 7b¸ under a vertical stress of 150 kPa, the patterns and first 
arrival times of shear waves show a slight dependence on the soil type. It should be noted that the compressional 
wave reflected from the cell wall was detected earlier than the first arrival time of shear waves, which may interfere 
with accurately determining the first arrival time of shear waves39,48. The shear wave velocities calculated for four 
types of sand were summarized in Table 3.

Performance of CNN models (Fd = 1)
Figures 8 and 9 illustrate the confusion matrix of developed 100 CNN models for training and test datasets, 
respectively. As seen in Figs. 8 and 9, the developed CNN models well-classified sand type in all scenarios, which 
are represented by the high mean values in a diagonal direction. In addition, the low standard deviation values in 
a diagonal direction shown in Figs. 8 and 9 indicate good repeatability and reliability of developed CNN models 

Sand type Vertical stress (kPa)

Cutoff frequency 
for lowpass filtering 
(kHz)

10 50 100

K1

10 82.0 84.4 85.1

50 150.8 159.2 159.2

150 165.2 174.3 175.9

K2

10 79.2 81.4 81.4

50 112.9 116.8 116.8

150 189.4 198.6 203.6

K3

10 77.0 79.7 79.7

50 153.6 159.7 162.9

150 173.3 185.1 185.1

K5

10 80.3 68.7 68.3

50 142.5 150.0 121.8

150 162.4 171.2 165.2

Table 3.  Shear wave velocities (unit in m/s) for four sands under three vertical stresses and cutoff frequencies.

 

Fig. 7.  Typical bender element signals along (a) vertical stress and (b) sand type.
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in this study. Therefore, the developed CNN model in this study can be used to predict the sand type (or the 
particle size of sand) without almost no underestimation or overestimation of the particle size of sand. The good 
performance of developed CNN models in all scenarios implies that the good classification of sand type can be 
achieved in a wider range of vertical stress and cutoff frequency for lowpass filtering.

Because the high mean values in a diagonal direction were obtained, similarly high mean accuracy, precision, 
recall, and f1 scores were obtained for all scenarios as shown in Table 4. This implies that the developed CNN 
models show a well-balanced high level of accuracy in predicting sand type. In addition, an extremely low 
difference in mean accuracy between training and test datasets suggests the good generalization capacity of the 
developed CNN models.

Figure 10 illustrates the mean and standard deviation of two tuned hyperparameters (number of filters and 
kernel size) for three convolutional layers. As seen in Fig.  10, tuned hyperparameters for 100 CNN models 
showed high variability with no trend as a function of vertical stress and frequency. In other words, an optimal 
number of filters and kernel size cannot be determined for predicting sand size from bender element signals. 
The high variability hyperparameters imply that the best hyperparameters were solely dependent on the training 

Fig. 8.  Confusion matrix of 100 CNN models (mean ± standard deviation) for training datasets (Fd = 1).
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datasets. Because the pattern and amplitude of measured bender element signals for a given sand type in this 
study are similar, it can be inferred that the optimal number of filters and kernel size of CNN models were 
extremely sensitive to the pattern of training datasets. In addition, the increase in the classification accuracy 
from ~ 0.7 to 0.99 after hyperparameter tuning indicates the necessity of including the process of hyperparameter 
tuning in model development.

Impact of Fd on performance of CNN models Fd
Figure 11 shows the accuracy of 100 CNN models at Fd = 1 (original dataset), 5, 10, 50, 100, 500, and 1000. In 
addition, the training time of 100 CNN models corresponding to Fig. 11 is also presented in Fig. 12. As seen 
in Fig. 11, the accuracy of CNN models decreased as Fd increased, which is more or less intuitive as the higher 
number of data can more effectively capture the pattern of signals. Nevertheless, it is notable that the accuracy 
values > 0.98 were obtained when Fd < 500 (corresponding to 9 data points in each dataset), whereas relatively 
low accuracy was obtained for Fd = 1000 (e.g., mean accuracy = 0.788 for scenario No. 1 (Fig. 11a). This suggests 
that the low number of data points by preprocessing can provide the accurate prediction of sand type with 

Fig. 9.  Confusion matrix of 100 CNN models (mean ± standard deviation) for test datasets (Fd = 1).
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low training time. For example, the mean training time of Fd = 1 for scenario No. 1 (Fig. 12a) was 70937  s 
whereas that of Fd = 500 was 2168 s, which implies that high classification accuracy can be achieved with low 
computational cost. Note that the threshold Fd values in this study were evaluated between 500 and 1000, which 
can be altered by the number of sand types to be classified and the experimental setup.

Engineering implications
The accurate determination of the particle size is critical in estimating many geotechnical properties such as 
saturated hydraulic conductivity as inferred from the Kozeny-Carman equations45,49,50, which shows that the 
saturated hydraulic conductivity is correlated to the square of particle size. Moreover, a precise assessment 
of d50 facilitates the estimation of various properties of sandy soils, including the range of void ratio51 and 
relative density52. Furthermore, the estimation of d50 from the CNN model developed in this study can aid in 
predicting penetration resistance through various in-situ tests, such as the standard penetration test (SPT)–cone 
penetration test (CPT)53, and dynamic cone penetration test54, as the penetration resistance can be influenced 
by relative density, overburden pressure, and particle size55. For example, according to Robertson et al. (1983), 
the ratio of CPT cone tip resistance (qc) to SPT N value corrected for 60% energy transfer ratio (N60) can be 
expressed as a function of d50:

	

(
qc
pa

)
N60

= 7.6429 · d50
0.26� (1)

where pa denotes the atmospheric pressure. Equation (1) implies that the installation of a bender element in a 
cone56 can provide the depth-dependent semi-continuous N60 values as d50 can be estimated from the pattern of 
bender element signals.

Another potential application of the developed framework can be monitoring the suffusion of gap-graded 
coarse-grained soils, which is important in the sustainable performance of earthen structures (e.g., dikes and 
levees)57–59. Specifically, the installation of the bender element at the suffusion susceptible regions provides the 
time series bender element signals, implying that the pattern of signals can be utilized to estimate the long-term 
variation of sand particle size using the developed framework unless bender elements are damaged. Therefore, 
it can be anticipated that the loss of small particles can be captured by chance in the pattern of signals, which 
eventually leads to the change in the predicted class in the developed CNN model. Even though a comprehensive 
investigation is still required to develop a reliable CNN model to classify the fine content of gap-graded coarse-
grained soils to monitor the suffusion over time, the proposed framework suggests a high chance of monitoring 
suffusion using bender element signals combined with the CNN model.

According to56, bender elements were used as field-embedded sensors to monitor the stiffness characteristics 
of airport pavement base courses. Thus, signals from bender elements detected at various layers can provide 
insights into changes in d50 and small-strain stiffness within localized zones. The applicability of the developed 
framework in the field can be more or less validated by classifying the sand as K1 sand using the signals obtained 
from the experimental setup for model validation shown in Fig. 4. The obtained signals during the penetration 
of the device well classified the sand type as K1 sand using the developed CNN models for nine scenarios. This 
validation result implies the high applicability of the developed framework for continuous estimation of d50 with 
depth at least for pure and homogeneous dry sand medium.

For evaluating small-strain stiffness and d50 of soil with depth, a field velocity probe with bender elements60 
and the developed framework can be used as shown in Fig. 13. Furthermore, the CNN model developed in 
this study can also be linked to the machine learning regression models with d50 as one of the input features to 
predict predictand (e.g., predicting permanent strain of soils61. Therefore, the developed framework in this study 
enables the estimation of the abovementioned geotechnical properties (e.g., d50, hydraulic conductivity, N60, and 
permanent strain) as a function of time and depth from real-time monitored bender element signals. As seen 
in Fig. 13, d50 of sand as a function of depth can be first estimated from the pattern of bender element signals, 
followed by the estimation of geotechnical properties using available empirical or theoretical models.

Scenario no.

Accuracy Precision Recall F1 score

Training Test Training Test Training Test Training Test

1 0.996 ± 0.006 0.996 ± 0.009 0.996 ± 0.006 0.996 ± 0.008 0.996 ± 0.006 0.996 ± 0.009 0.996 ± 0.006 0.996 ± 0.009

2 0.995 ± 0.012 0.996 ± 0.009 0.995 ± 0.012 0.996 ± 0.008 0.995 ± 0.012 0.996 ± 0.009 0.995 ± 0.012 0.996 ± 0.009

3 0.999 ± 0.002 0.999 ± 0.003 0.999 ± 0.002 0.999 ± 0.003 0.999 ± 0.002 0.999 ± 0.003 0.999 ± 0.002 0.999 ± 0.003

4 0.995 ± 0.006 0.995 ± 0.011 0.995 ± 0.006 0.995 ± 0.010 0.995 ± 0.006 0.995 ± 0.011 0.995 ± 0.006 0.995 ± 0.011

5 0.995 ± 0.007 0.993 ± 0.010 0.995 ± 0.006 0.994 ± 0.009 0.995 ± 0.007 0.993 ± 0.010 0.995 ± 0.007 0.993 ± 0.010

6 0.996 ± 0.005 0.996 ± 0.009 0.996 ± 0.005 0.996 ± 0.008 0.996 ± 0.005 0.996 ± 0.009 0.996 ± 0.005 0.996 ± 0.009

7 0.996 ± 0.004 0.996 ± 0.006 0.996 ± 0.004 0.996 ± 0.006 0.996 ± 0.004 0.996 ± 0.006 0.996 ± 0.004 0.996 ± 0.006

8 0.990 ± 0.010 0.991 ± 0.012 0.991 ± 0.009 0.992 ± 0.011 0.990 ± 0.010 0.991 ± 0.012 0.990 ± 0.010 0.991 ± 0.012

9 0.995 ± 0.004 0.995 ± 0.008 0.996 ± 0.004 0.995 ± 0.008 0.995 ± 0.004 0.995 ± 0.008 0.995 ± 0.004 0.995 ± 0.008

Table 4.  Mean (µ) ± standard deviation (σ) of accuracy, precision, recall, and f1 score.
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The limitation of the developed framework shown in this study is that laboratory experiments to construct 
a database are required for a reliable CNN model of target soils as the shear wave velocity is a function of many 
factors such as fine content, degree of saturation, and temperature62–65. Furthermore, because only uniform sand 
samples were used in this study, further study on the applicability of the developed framework to well-graded 
sand would be required. Nevertheless, the developed framework shown in this study indicates the chance of 
using the pattern of bender element signals in predicting the particle size of sand.

Fig. 10.  Mean values of tuned number of filters (a) and kernel size (b) for 100 CNN models. Error bars 
represent the standard deviation of hyperparameters.
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Conclusions
This study investigated the chance of applying CNN to detect the pattern of bender element signals for classifying 
sand particle size. Bender element signals for four types of sand with particle sizes ranging from 0.5 to 7 mm 
under vertical stresses of 10, 50, and 150 kPa and cutoff frequencies of 10, 50, and 100 kHz (a total of 9 scenarios) 
were obtained to train A one-dimensional CNN model. In addition, hyperparameter tuning was performed 
for 100 CNN models in each scenario to assess the repeatability and reliable performance of developed CNN 
models. The main findings from the developed framework are as follows:

	1)	� The higher vertical stress resulted in increased resonant frequency and shorter first arrival times of shear 
waves, the pattern of bender element signals for a given type of sand was not significantly dependent on 
vertical stress and cutoff frequency.

	2)	� The CNN models displayed high classification accuracy for sand types across all tested scenarios, implying 
that the developed CNN models well captured the different patterns of bender element signals as a function 
of sand type.

	3)	� The high mean and low standard deviation of accuracy, precision, recall, and f1 score of 100 CNN models 
demonstrate the high performance of CNN models with good repeatability.

	4)	� Relatively high variation of hyperparameters of CNN models reveals the need for tuning hyperparameters at 
a given train-test split as the accuracy of the CNN model increased from ~ 0.7 to 0.99 after hyperparameter 
tuning.

Fig. 11.  Accuracy of 100 CNN models at Fd = 1, 5, 10, 50, 100, 600, and 1000 for the test dataset. The upper 
and lower bound of the box represents the 25th (Q1) and 75th percentile (Q3) and the upper and lower 
whisker represent Q1-1.5×IQR and Q3 + 1.5×IQR where IQR refers to Q3 – Q1. The outliers were illustrated as 
open-circle markers.
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Fig. 13.  Example application of the developed framework using field velocity probe.

 

Fig. 12.  Training time of 100 CNN models at Fd = 1, 5, 10, 50, 100, 600, and 1000.
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	5)	� The high accuracy for Fd = 500 (= 9 data points in each dataset) was obtained in this study, implying that the 
low number of data (or low sampling rate) can also provide the CNN model with good accuracy.

	6)	� The developed framework shown in this study can be used to predict time- and depth-dependent sand par-
ticle size and related geotechnical parameters (e.g., saturated hydraulic conductivity) using the monitored 
pattern of bender element signals.

Data availability
All data that support the findings of this study are available from the corresponding author (jwon@unist.ac.kr) 
upon reasonable request.
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