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A B S T R A C T

Reliable detection of barely visible impact damage is critical to ensure the structural integrity of composite
components in service, particularly in safety-critical applications such as pressure vessels and transportation
systems. This study presents a solution for detecting such damage in woven glass fiber-reinforced thermoplastic
composites using terahertz (THz) time-of-flight tomography and convolutional neural networks. THz provides
non-contact, non-ionizing, high-axial-resolution imaging of subsurface and back-surface damage, addressing
key limitations of surface-based inspection methods. While THz imaging alone may not always permit
conclusive damage identification, we bridge this gap by training neural network classifiers on depth-resolved
THz B-scan images using ground truth from co-located X-ray micro-computed tomography. Among several
pretrained architectures tested via transfer learning, DenseNet-121 exhibits the highest accuracy. The model
remains robust even when trained on truncated B-scans excluding surface indentation features, confirming its
ability to detect structural anomalies located internally or on the back surface. This is particularly relevant
for applications where back-side access is not feasible. Experimental validation is performed on impacted
glass-fiber-reinforced thermoplastic coupons prepared in accordance with ASTM D7136, with damage severity
quantified through force–displacement data and micro-tomographic analysis. Labeling for supervised learning
conforms to acceptance criteria from industrial standards for composite pressure vessels (ASME BPVC Section
X, CGA C-6.2), ensuring regulatory alignment and enabling deployment in quality control workflows. The
proposed method minimizes the need for expert interpretation or secondary validation and offers direct
applicability to in-service inspection and manufacturing quality control.

1. Introduction

Terahertz (THz) time-of-flight tomography (TOFT), also known as
THz pulsed imaging, has emerged as a promising nondestructive eval-
uation (NDE) technique for assessing damage in composite materials.
TOFT offers high axial resolution (∼10 μm), thanks to its sub-picosecond
time resolution and broad spectral bandwidth (>1 THz), making it 
well suited for surface and near-surface characterization of multilayer
materials. Compared to ultrasound, which typically offers greater pen-
etration but lower spatial resolution, THz imaging is contact-free and
does not require coupling media. In contrast to X-ray imaging, THz
employs nonionizing radiation, offering a safer alternative for both
operators and sensitive composite structures. These features position
THz TOFT as a powerful tool in NDE, especially where high-resolution
depth profiling is critical [1].
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Previous studies have demonstrated the utility of THz TOFT in
detecting and characterizing failure modes in composite specimens, in-
cluding delamination [2,3], fiber breakage [4], and matrix cracking [5,
6]. Impact damage presents a complex condition as it can involve simul-
taneous presence of those failure modes [7]. Moreover, in low-velocity
impact, damage may be subtle and easily obscured by the morphology
of woven fibers in the composite itself. Consequently, the interpretation
of THz TOFT measurements typically requires cross-validation with
complementary techniques, such as X-ray micro-computed tomography
(𝜇CT), to definitively confirm the presence of damage and identify its 
failure modes [8].

A method that enables standalone interpretation of THz images,
without reliance on 𝜇CT or expert judgement, is essential for scalable, 
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in-service NDE. While initial validation against 𝜇CT is necessary, the 
ultimate goal is an autonomous system suitable for real-time inspection.

To address those issues, this study integrates deep-learning (DL)
techniques with THz TOFT to enable automated detection of low-
velocity impact-induced damage in glass-fiber-reinforced polymer
(GFRP) laminates. Low-velocity impact can induce barely visible im-
pact damage (BVID), which may be accompanied by subsurface damage
compromising structural integrity without obvious surface indications,
making reliable detection critical for ensuring long-term performance
and safety. Undetected damage of this type can act as an initiation
site for delamination growth, stiffness degradation, or buckling under
cyclic loading, which are critical failure modes in structural compos-
ite applications. A convolutional neural network (CNN), is employed
to perform binary classification of THz B-scans, distinguishing be-
tween damaged and undamaged specimens. This approach facilitates
machine-vision-based inspection and reduces dependence on expert
interpretation.

Although the use of artificial intelligence (AI) in nondestructive
evaluation techniques for detecting BVID in composites has gained
traction, important limitations remain. For instance, Hasebe et al. [9]
used surface profilometry, and Tabatabaeian et al. [10] trained DL
models on surface photographs. In both cases, predictions are based
solely on the condition of the exposed surface, without access to
internal or back-surface features. However, since impact damage in
laminated composites often initiates on the back surface and propagates
towards the front (impacted) face, incorporating subsurface informa-
tion is essential for reliable classification. THz TOFT addresses this gap
by capturing depth-resolved views of internal and back-side conditions.
This through-thickness visibility is particularly advantageous in appli-
cations where direct access to the rear surface is not feasible, such as
the interior of pressure vessels.

While previous studies have applied machine learning (ML) to
THz A-scans [11–13] or C-scans [14] for delamination or debonding
detection, these approaches often miss complex, multi-depth impact
damage. This work addresses that gap by introducing a B-scan-based
DL framework to detect structural damage beyond what planar or
single-point scans can resolve.

Impact damage is particularly challenging to identify due to its
distributed and multi-layered nature. A-scans, representing single-point
time-domain signals, often fail to reveal such complex patterns, while
C-scans provide a planar view of defects that requires the preselection
of specific time delays and therefore lack flexibility for automated
inspection workflows.

In this study, THz B-scans are employed as the basis for training the
CNN model to classify damaged and undamaged composite. Unlike A-
scans, B-scans offer a depth-resolved cross-sectional view of the interior
of the sample, capturing structural and morphological variations both
in the axial and transverse directions. While DL-based classification us-
ing B-scans has been explored with ultrasonic imaging datasets [15,16],
the present work leverages the advantages of THz TOFT to generate
images with enhanced feature visibility. This approach is expected to
improve the accuracy and reliability of the damage detection classifier.

The present study concentrates on binary classification, providing
a proof of concept for deep learning–based THz inspection to differ-
entiate undamaged from damaged specimens. Although this task may
appear simple, it has immediate industrial significance for pass–fail
inspection [17,18], where decisions rely primarily on the detection of
damage or structural anomalies [19], without requiring identification
of the precise defect type or morphology. The binary framework pre-
sented here forms a foundation for subsequent developments towards
multiclass classification, including estimation of damage depth and
recognition of defect types. At this stage, model training is performed
on a dataset derived from a single composite material, GFRP/polyamide
66 (PA66), to facilitate controlled dataset generation. Future work
will extend this framework by transferring the learned representations
and fine-tuning the model on larger, more diverse datasets, thereby

enabling broader applicability and more advanced classification capa-
bilities.

The proposed workflow involves scanning composite specimens
using THz imaging, comparing these scans with X-ray 𝜇CT images as 
ground truth to accurately label the data, and subsequently creating a
large, annotated dataset for training. For the binary classification task,
DenseNet121 [20], a CNN pretrained on ImageNet [21], is employed.
The B-scan images are labeled by comparison with X-ray 𝜇CT data, 
which serve as ground truth. Transfer learning is used to adapt the
model to the domain-specific task of THz image classification, thereby
reducing training time and data requirements. The objective is to estab-
lish a framework capable of performing binary classification, damaged
versus undamaged, that could be integrated into inspection protocols
for composite components. This has direct relevance to manufacturing
quality control and in-service inspection of composite structures such
as hydrogen storage pressure vessels.

When aligned with industrial standards such as ASME BPVC Sec-
tion X (Fiber-Reinforced Plastic Pressure Vessels) [22] and CGA C-6.2
(Standard for Visual Inspection and Requalification of Fiber Reinforced
High Pressure Cylinders) [23], the proposed method offers a scalable
and automatable solution for structural health assessment. It supports
integration into engineering inspection workflows, including periodic
requalification and life-cycle management of safety-critical composite
components. In this context, damage annotations used for model train-
ing adhere to the acceptance and rejection criteria defined in these
standards, ensuring that the classifier’s outputs are consistent with
codified inspection practices.

Within the field of composite-materials engineering, AI has been
employed for diverse applications, including material design and the
analysis of response under loading. For instance, a ML-based tool has
been developed to assist material designers in exploring various lam-
inate configurations and enable accurate estimation of material prop-
erties through virtual testing [24]. Another example is the application
of multiscale thermodynamics-informed neural networks (MuTINN) to
facilitate the study of the complex behavior of composites subjected
to different loading conditions [25]. The integration of DL into NDE
technique for damage inspection, as demonstrated in this paper, further
expands the role of AI across a broad range of aspects in the composite
material lifecycle.

The remainder of the paper is organized as follows. In Section 2
we discuss the THz TOFT procedure, including specimen preparation,
scanning setup, signal processing, and the selection of B-scan images
for training. Section 3 contains the presentation of the DL framework,
including the use of transfer learning with DenseNet and our modi-
fication applied to it, as well as training methodology. In Section 4,
we describe the dataset generation process, including labeling based
on X-ray 𝜇CT and image augmentation strategies. Section 5 presents 
and discusses the classification results. Finally, Section 6 concludes this
paper by summarizing the findings and outlining the limitations and
future directions of this work.

2. Experimental data acquisition

B-scans were acquired from a series of GFRP laminate coupons,
some of which were subjected to low-velocity impact, using THz TOFT
in reflection mode raster scanning across regions of interest centered
around the impact site, recording time-resolved waveforms at each spa-
tial coordinate. The raw time-domain signals were preprocessed using
bandpass filtering and wavelet denoising to enhance signal-to-noise
ratio. B-scans were then reconstructed, offering depth-resolved cross-
sectional representations of the internal laminate structure. Each B-scan
was annotated by comparison with colocated X-ray 𝜇CT scans, which 
served as the ground truth to verify internal damage presence and
enable supervised training of the classifier. The X-ray 𝜇CT investigation 
were carried-out with an EasyTom (Nano) from RX solutions. A voxel
resolution of 0.015 mm was achieved.



Fig. 1. Photograph of a GFRP laminate coupon prior to impact testing.

Fig. 2. Schematic of drop-weight impact setup and ply numbering convention.

GFRP laminates were prepared as standard impact-test coupons
with dimension 150 mm × 100 mm (6’’ × 4’’) in accordance with ASTM
D7136: Standard Test Method for Measuring the Damage Resistance
of a Fiber-Reinforced Polymer Matrix Composite to a Drop-Weight
Impact Event [26]. The material studied consists of a reinforced semi-
crystalline thermoplastic polymer (Evolite XA1481) supplied by Solvay.
According to manufacturer specifications, the composite consists of
a 2 × 2 twill-woven glass-fiber fabric embedded in a polyamide 66
resin matrix, with a nominal fiber content of 50% by volume (70% by
weight). The tested coupon have been cut from 500 mm × 1200 mm
composites plates manufactured by thermo-compression process. Each
laminate comprises four plies, arranged in a balanced stacking sequence
[0◦/90◦ ]2, with a total nominal thickness of 1.95 mm. A representative 
coupon is shown in Fig.  1.

2.1. Specimen preparation

To mitigate the influence of moisture on the mechanical response,
all specimens were preconditioned to reach equilibrium moisture con-
tent before testing, following the procedure outlined in [27]. The
conditioning was performed in a relative-humidity chamber (Memmert
HCP 246) at 50% relative humidity (RH 50%) and at a temperature
of 65 ◦C. The mass evolution, induced by the water uptake, of each
coupon was recorded daily. The conditioning process was deemed
complete when weight variation remained below a defined threshold
for three consecutive days, indicating moisture saturation.

Once conditioned, the specimens were subjected to low-velocity
impact using a drop-weight impact testing system (Instron CEAST
9350) at room temperature. In our tests, the setup uses a drop weight
of 5 kg and a tup (impactor) diameter of 16 mm. The machine features
an antirebound system that prohibits multiple impacts on the sample.
For consistency, the face impacted by the drop weight is designated
as the front surface, and plies are numbered from the front (Layer 1)
to the back (Layer 4). The impact configuration and layer numbering
convention are illustrated in Fig.  2.

Table 1
Impact test parameters and material specifications of the samples. The im-
pactor’s mass and diameter are 5 kg and 16 mm, respectively.
Sample
#

Drop
height
(mm)

Impact
velocity
(m/s)

Real
impact
energy (J)

Composite type Thick.
(mm)

1 60 1.27 4.39
GFRP, PA 66 matrix
50% vol Glass Fiber
woven fabric, 2 × 2
twill, 4 plies
([0◦/90◦]2)

1.95
mm

2 81 1.42 5.42
3 101 1.51 6.10
4 121 1.64 7.16
5 141 1.76 8.21
6 161 1.87 9.24
7 202 2.07 11.15

The selection of impact energies was guided by preliminary trials
aimed at identifying a range that would reliably produce damage con-
sistent with the BVID category. An initial impact test at 25 J, selected
as a first approximation of the laminate’s impact resistance, resulted in
extensive damage far exceeding the BVID definition. The energy was
then reduced to 7.16 J, which produced only a minute indication of
fiber disruption on the back surface, discernible only under favorable
viewing conditions. From this level, the impact energy was increased in
increments of approximately 1 J, up to 11 J, at which point the damage
became clearly visible. Additional step-down tests were subsequently
conducted from 7.16 J in similar increments, down to 4.39 J, where
even the front-surface indentation was barely perceptible under any
viewing conditions.

In the experiments, the nominal impact energy was prescribed
on the drop-weight system by specifying the drop height and im-
pactor mass. The values reported in this paper correspond to the
actual energies, obtained by integrating the area under the recorded
force–displacement curve for each test. To confirm that the impacted
specimens indeed contained BVID, which by definition is not readily
observable to the naked eye, all samples were examined using X-
ray 𝜇CT. As summarized later in Table  4, every impacted specimen 
exhibited subsurface damage qualifying as BVID, with the exception of
the lowest-energy case (4.39 J), which produced only a slight surface
indentation without internal structural compromise.

With the systematic iteration approach described above, seven im-
pact energies were selected to generate dataset of expectedly damaged
samples with varying severity levels in a series of coupons. Those
impact energy levels were 4.39, 5.42, 6.10, 7.16, 8.21, 9.24, and 11.15
J. The corresponding calculated areas of the force–displacement curve,
obtained from the drop weight test system, are indicated as shaded
regions under each series plot in Fig.  3(a).

The peak force upon sample deformation increases as a function of
impact energy, except that the maximum force reached at 9.24 J is
comparable to that of 8.21 J although with a steeper rate (Fig.  3(b))
and greater deformation (Fig.  3(c)). This can be attributed to the onset
of damage, such as fiber breakage or matrix cracking, leading to the
yielding of a certain part/layer of the laminates. A similar indication is
evident in the 11.15 J graph as a slight drop of force around 2350 N,
before continuing to increase as the remaining undamaged laminates
bear the progressing load up to the peak.

Table  1 summarizes the parameters of the drop-weight impact
experiments, along with the specifications of the composite specimens
tested.

2.2. THz TOFT

A commercial Terahertz Time Domain Spectroscopy (THz-TDS) sys-
tem (TeraPulse Lx, TeraView Ltd., Cambridge, UK) was employed for
the THz TOFT experiments to perform raster scanning in reflection
mode. The system uses an ultrafast near-infrared fiber laser to generate
broadband, pulsed THz radiation spanning ∼0.1–6 THz. Quasi-single-
cycle THz pulses are emitted from a photoconductive antenna (PCA)



Fig. 3. (a) Force–displacement curves with shading under each plot to indicate the area integrated for calculating the impact energy; Time evolution of (b) force
and (c) displacement during impact.

Fig. 4. Schematic diagram of the THz system for THz TOFT.

Table 2
System parameters of the THz-TDS employed in the current work.
Parameter Value

Waveform rate 15 Hz
Sampling interval 0.02 ps
Laser pulse duration sub-100 fs
Laser wavelength 780 nm
Power of THz radiation ∼1 μW

and detected by another antenna. The system directs the THz pulses
onto the sample at near-normal incidence, and the reflected signals are
captured and analyzed for both magnitude and phase using a time-
gated optical probe. A schematic diagram of the system is shown in
Fig.  4 and the system parameters are presented in Table  2.

Prior to measurement, a reference signal was acquired by recording
the reflection from a bare metal disk, which served as a reflector across
the THz band. The reference signal thus was proportional to the signal
produced by the apparatus.

Raster scanning was conducted via a motorized (𝑥, 𝑦) translation 
stage. During all scans, the measurement chamber was purged with
N2 gas to suppress water-vapor absorption along the THz beam path. 
The scanning process generated a three-dimensional dataset comprising
𝑥- and 𝑦-coordinates and time delay, forming a matrix that encap-
sulates both spatial and temporal information. This dataset can be
post-processed to extract A-scans at individual points, as well as to gen-
erate B- (cross-sectional) and C-scans (planar images) using amplitude
contrast mechanisms, as detailed in Section 2.5.

All specimens were scanned from the impacted side in reflection
mode. Scanning from the impacted side was chosen as it represents
more likely real-world inspection scenarios, such as in the case of pres-
sure vessels, where the impact typically originates from the external
direction, and the outer surface is more accessible for inspection.

The scanned area covered a 30 mm × 30 mm square region centered
around the indentation site (for impacted specimens), with a transverse
spatial resolution (step size) of 0.3 mm along both 𝑥- and 𝑦-axes set on 
the scanner controller software. To enhance signal quality and reduce
noise, each spatial point acquisition was averaged over five THz pulses.

2.3. Rationale for selecting THz imaging for dataset generation

The choice of THz imaging as the basis for the working dataset
is justified through quantitative and qualitative comparisons with X-
ray 𝜇CT and ultrasonic imaging. These comparisons are summarized in 
Fig.  5 and Table  3. In particular, ultrasonic inspection at the high fre-
quencies required to obtain detailed stratigraphic information in GFRP
laminates is subject to strong attenuation, which limits the retrieval of
reliable subsurface features [28].

Measurements were performed on a 30 mm × 30 mm area of an
impacted specimen (7.16 J) to provide a consistent basis for com-
parison. Observations indicate that ultrasonic imaging provides rapid
scans but limited subsurface detail as noted above, whereas X-ray 𝜇CT 
reveals fine internal structures at the expense of significantly longer
measurement duration. Typically, the measurement time provides an
indirect estimate of man-hour cost comparison, although the actual rate
also depends on the operator’s competence level and other factors. THz
imaging occupies an intermediate position with moderate resolution
and clear indications of subsurface features, including layer layup and
damage cues.

Unlike X-ray 𝜇CT, where axial (depth) resolution is defined by the 
measurement voxel size (0.015 mm), the axial resolution of both THz
and ultrasonic imaging is not straightforward to quantify, as it depends
on temporal signal peak separation, material properties, morphology,
and signal quality. A priori, the axial resolution of the three methods
employed in this work, from highest to lowest, is X-ray 𝜇CT, followed 
by THz and ultrasonic imaging [29]. In the current case, the specimen



Fig. 5. Cross-sectional views (B-scan) of the specimen impacted at 7.16 J obtained using different techniques: (a) Ultrasonic, (b) X-ray 𝜇CT, and (c) THz. Time
axes in the ultrasonic and THz images are adjusted for optimal visibility.

Table 3
Measurement characteristics observed on experiments related to Fig.  5.
Characteristics Ultrasonic X-ray 𝜇CT THz

Measurement time 12 min 110 min 31 min
Lateral resolution 0.3 mm 0.015 mm 0.3 mm
Cross-sectional
visibility

Layup unresolved;
backside signal
absent

High resolution (0.015
mm); internal damage
clearly visible

Layup resolved;
internal damage
cues indicated

has a nominal thickness of 2 mm composed of four layers, giving an
average layer thickness of 0.5 mm. Within this spatial dimension, THz
imaging clearly visualizes the layup structures as shown in Fig.  5(c)
[see also Fig.  8(a) and (b)].

In contrast, the ultrasonic B-scan image obtained from our measure-
ment cannot resolve the layup, and the backside signal is absent due
to attenuation, as exhibited in Fig.  5(a). As is commonly understood,
attenuation depends on frequency: higher frequencies improve axial
resolution but suffer greater signal loss, while lower ones increase
penetration depth at the cost of resolution due to pulse overlap. A 30
MHz immersion transducer was used in this study to produce images
with best contrast after experimenting with lower frequencies scans
down to 1 MHz, which resulted in poorer amplitude contrasts (results
not shown here for conciseness).

X-ray 𝜇CT provides the highest internal detail but requires sig-
nificantly longer measurement times, more complex instrumentation,
and additional operational safety measures. These observations demon-
strate that THz imaging is an effective technique, offering non-contact
operation, moderate lateral resolution, and sensitivity to subsurface
features. Nevertheless, owing to its detailed representations, X-ray 𝜇CT 
images, like in Fig.  5(b), were used as reference or ground truth to
verify the THz imaging results during the labeling procedure, as will
be described in the subsequent sections.

2.4. THz signal processing

To improve signal quality and suppress artifacts, raw THz TOFT
time-domain signals underwent preprocessing prior to image dataset
generation. The signal processing pipeline is illustrated in Fig.  6 for a
representative THz A-scan.

In the first step of the signal processing, the raw signal shown in
Fig.  6(a) is subjected to Gaussian bandpass filtering between cutoff fre-
quencies of 0.5 and 1.5 THz, with a standard deviation of 0.05 THz. In
this study, THz signal components below 0.5 THz correspond to wave-
lengths greater than 300 μm in the material. Such long-wavelength
components reduce axial resolution and can obscure features at smaller
dimensional scales [30], and were therefore removed. At the higher end
of the spectrum, THz-TDS systems based on photoconductive antennas
(PCA) exhibit decreasing detection efficiency [31,32], with the mea-
sured high-frequency content dominated by noise rather than useful

information. Although the manufacturer specifies a nominal bandwidth
up to 6 THz, frequencies above 1.5 THz in our experiments displayed
low signal-to-noise ratios. This portion of the spectrum was therefore
excluded to avoid noise overwhelming meaningful structural features.

The band pass filtering operation enhances the definition of primary
peaks by removing low-frequency baseline drift and high-frequency
noise, as evident in Fig.  6(b). Nevertheless, small-amplitude fluctu-
ations, such as the residual ripples between 2–5 ps, persist in the
filtered signal. The ripples introduced random features unrelated to
the physical state of the material, with inconsistent amplitudes and
temporal positions across signals. Such inconsistencies complicate the
pattern recognition process of the deep learning model and therefore
needed to be mitigated to ensure that only peaks corresponding to
physical features were emphasized. The denoising step not only im-
proved the smoothness of the reconstructed images but also supported
the classifier in more reliably identifying structural patterns in the
investigated specimens.

To further improve feature clarity, wavelet denoising is applied. By
projecting the signal onto a wavelet basis that resembles the reference
signal, this step attenuates incoherent components while preserving
sharp transients such as reflection peaks. The wavelet denoising uses
the stationary wavelet transform with a 4th-order Symlet wavelet
(sym4). The resulting waveform is shown in Fig.  6(c).

2.5. Selection of B-scans for training dataset generation

From the processed THz TOFT data, images can be constructed
to enable inspection in either transverse (C-scan) or cross-sectional
(B-scan) views. The complex architecture of the woven GFRP, with
its inherent spatial nonuniformities across multiple layers, along with
the irregular morphology of impact damage, renders single-point in-
spection (A-scan) inadequate. C-scans are widely used in NDE to map
surface or subsurface features at fixed depth slices and are effective in
highlighting damage-affected areas.

In the case of woven composite structures, C-scans facilitate the
analysis of layer-wise features, including not only cracks or punctures,
but also more complex phenomena such as fiber orientation [33] and
internal laminate deformation under lateral tensile stress [34]. C-scan
imaging, however, requires the selection of a specific contrast mech-
anism, typically a fixed time delay, to visualize features at a certain
depth. For example, Fig.  7(b) shows a C-scan constructed at a time
delay corresponding to the front surface reflection, clearly revealing the
surface indentation caused by impact, as seen in the photograph in Fig.
7(a). Nevertheless, a C-scan constructed at another arbitrarily selected
time delay, Fig.  7(c), may fail to indicate the presence of damage.
Selecting an appropriate time delay typically involves scanning through
the entire time axis or defining a time window, which is inefficient and
unreliable when the damage spans multiple depths within the laminate.

Determining the optimal time delay in terahertz C-scan imaging is
an iterative process. An initial estimate can be obtained by selecting



Fig. 6. THz TOFT A-scan signal processing: (a) raw signal; (b) after bandpass filtering (0.1–1.5 THz); (c) after wavelet denoising.

Fig. 7. (a) Photograph of impacted surface of a coupon subjected to low velocity impact. THz C-scan at (b) time delay corresponding to the front surface (−9.7
ps) clearly shows the damage, but at (c) a suboptimal time delay (e.g., 0 ps) the damage is not visible, illustrating C-scan limitations in depth discrimination.

time stamps corresponding to peaks in a representative A-scan, but
refinement around this approximation is required to identify the slice
that provides maximum image contrast for revealing features or defects.
The definition of optimum contrast in C-scan imaging is partly subjec-
tive, depending on the inspector’s judgement; the principal criterion is
that the resulting image clearly highlights the relevant features. These
challenges in consistently extracting the most informative slices limit
the practicality of C-scan imaging for dataset generation in the present
study.

B-scans offer solution to this issue by providing depth-resolved
cross-sectional views, capturing both axial and transverse structural
variations. This makes them particularly effective for analyzing dis-
tributed damage patterns, enabling simultaneous geometric and mate-
rial assessment in a format well suited for ML input. B-scans constructed
over a sufficient spatial extent are more informative, capturing the
overall pattern of material response rather than isolated features from
A-scan and C-scan.

In this work, B-scans were extracted along single spatial axes near
the impact site, with offsets selected to maximize coverage of the
damaged region. Each B-scan was manually compared to a co-located
X-ray 𝜇CT slice for annotation.

Unlike conventional fixed-plane B-scan analysis, we introduced lat-
eral and angular slicing to capture the anisotropic character of damage
and diversify the training set. This enabled the model to learn invariant
features in spatial orientations and diversify the training set. To enrich

the data set, additional B-scans were generated by lateral slicing (offsets
up to ±2 mm) and angular slicing (rotation around the impact center).
This diversified the dataset by introducing different perspectives of the
same damage site, thereby improving the model’s ability to generalize
across variations in damage morphology and orientation.

The dimensional accuracy of B-scans is illustrated in Fig.  8, which
shows the correspondence between a THz B-scan and a colocated X-ray
𝜇CT image. Layer thicknesses can be estimated from the time delay 𝛥𝑡
using

𝑑 = 𝛥𝑡
2

𝑐
𝑛GFRP

(1)

where 𝑐 is the speed of light in vacuum and 𝑛GFRP is the assumed repre-
sentative refractive index of the composite material. Small variations in
𝑛GFRP due to fiber orientation or resin-rich regions are neglected here.

A-scans are useful for estimating ply count and thickness. Four
plies are resolved in Fig.  8(a), and the overall calculated thickness
(1.84 mm) agrees with the nominal value (1.95 mm), validating the
use of a representative refractive index. Nevertheless, A-scans do not
provide information on the lateral extent or continuity of internal fea-
tures. In contrast, the B-scan shown in Fig.  8(b) reveals both through-
thickness layering and transverse structural patterns. While B-scans
are already established for detecting delamination [21], this work ex-
plores their applicability for identifying more complex impact-induced
damage modes.



Fig. 8. Relationship between THz B-scan and X-ray 𝜇CT image of the same cross-section of an impacted coupon. (a) THz A-scan at x-position = 4 mm indicated
on the adjacent plot of (b) THz B-scan of the cross section along 𝑦 = 11 mm in Fig. 7. (c) X-ray 𝜇CT image. The x- and y-positions correspond to the scanning
envelope shown in Fig. 7.

The ability to visualize anomalies in both axial and transverse
directions makes B-scans well-suited for capturing the irregular, multi-
depth nature of impact damage. As such, B-scan images form the
basis of the training dataset used in this study. To ensure accurate
labeling, each THz B-scan was compared against an X-ray 𝜇CT image 
of the same cross section [Fig.  8(c)], which served as ground truth for
classification. This cross-validation step enabled supervised training of
the neural network model on reliably annotated data. Fig.  8(c) also
confirms that the drop-weight impact experiments carried out in this
work indeed produces the expected damage typical of low-velocity
impact, characterized by an indentation on the impact side and a
localized crack on the opposite side [35]. This localized damage acts as
an initiation site for damage propagation under further loading, such
as fatigue caused by the pressurization cycles of pressure vessels.

3. Transfer learning with DenseNet for THz B-scan image classifi-
cation

Traditional machine-learning approaches assume a consistent and
structured feature distribution, thus their effectiveness is restricted
for handling rather simpler tasks. For complex situations involving
unstructured data and patterns, deep learning with CNN is neces-
sary. Nevertheless, deep learning requires training on large dataset
to achieve a robust model with a high level of generalization. When
trained on a limited dataset, the model’s ability to generalize to new
data distributions is compromised, leading to performance degradation.
This implies a typically time- and data-intensive process to build a
robust deep learning model.

Transfer learning addresses a key challenge in DL: the need for large
labeled datasets [36]. Originating in cognitive science, the idea is to
apply knowledge gained in one context to another. Rather than training
models from scratch for each new task, it allows the reuse of repre-
sentations learned on related source domains to improve performance
in data-scarce target domains. This is particularly valuable in cases
where annotated data is limited. By leveraging the learned hierarchical

features (e.g., edges, textures, local patterns), CNN models pre-trained
on large datasets like ImageNet can be fine-tuned on the target-domain
dataset, reducing both data and computational requirements.

In composite NDE and analysis, transfer learning has yielded no-
table classification accuracy scores for complex images [10] and un-
der limited data conditions [37]. CNNs like VGGNet, ResNet, and
DenseNet have been applied successfully to damage detection in fiber-
reinforced composites [38], metals [39], and additively manufactured
polymers [40]. Transfer learning has also supported hybrid approaches,
including physics-informed neural networks (PINNs) for modeling in-
terfacial damage [41].

Among CNN architectures, DenseNet stands out for its dense con-
nectivity: each layer receives inputs from all preceding layers and
contributes to all subsequent ones [42]. This architecture demonstrates
an improved learning of subtle patterns that is critical for identifying
complex or low-contrast defects in heterogeneous materials, such as
BVID in multilayered composites. The THz B-scans that capture cross-
sectional features of multilayer structures, including internal damage
within the laminates, benefit from these DenseNets’ characteristics.

In this study, a DenseNet model pretrained on ImageNet is fine-
tuned to classify THz B-scan images of GFRP laminates as damaged
or undamaged. The network learns from depth-resolved time-domain
measurements, combining the structural sensitivity of THz imaging
with the feature extraction capabilities of deep learning. The following
sections detail the model architecture and training strategy.

3.1. DenseNet architecture

While CNNs have proven effective in computer vision due to their
hierarchical feature learning, deeper networks can suffer from vanish-
ing gradients, redundant features, and parameter inefficiency.
DenseNet [42] addresses these issues by introducing dense connectiv-
ity: each layer receives the concatenated outputs of all preceding layers
and passes its output to all subsequent ones within the block. This
design improves feature reuse and reduces the number of trainable



Fig. 9. Schematic diagram of a 5-layer dense block with a growth rate of k = 4. Each layer takes all preceding feature maps as input.

Fig. 10. Schematic diagram of the process of classifying B-scans. A deep DenseNet with three dense blocks.

parameters, thus helping the network learn compact representations
from fewer examples.

DenseNets are parameterized by a growth rate 𝑘, which controls 
how many new feature maps each layer contributes. Thus, the input
to layer 𝓁 consists of 𝑘0 + 𝑘(𝓁 − 1) channels, where 𝑘0 is the number 
of input channels. The DenseNet formulation defines each layer 𝓁 as
a composite transformation 𝐻𝓁(⋅) applied to the concatenation of all 
preceding feature maps:
𝑥𝓁 = 𝐻𝓁([𝑥0, 𝑥1,… , 𝑥𝓁−1]),

where [𝑥0, 𝑥1,… , 𝑥𝓁−1] denotes the channel-wise concatenation. Each 
transformation 𝐻𝓁(⋅) typically consists of batch normalization, an acti-
vation function, and a 3 × 3 convolution. Fig.  9 shows a basic dense
block with five layers and a growth rate 𝑘 = 4.

To manage dimensionality and enable downsampling, transition
layers comprising 1 × 1 convolutions and 2 × 2 average pooling are
inserted between dense blocks, preserving compactness and feature
reuse. This architecture, as employed in the current work, is illustrated
in Fig.  10.

The activation function affects the model’s ability to learn nonlin-
ear features. ReLU remains the standard choice for its simplicity and
efficiency, but alternatives such as Leaky ReLU, ELU, and GELU are
also widely used depending on task requirements [43]. More recent
variants, including SoftPlus (a smooth approximation of ReLU with
a tunable 𝛽) and SoftMax (commonly used in classification tasks to 
produce probability distributions) [44], are increasingly integrated into
modern architectures.

3.2. Modified DenseNet architecture

We employed DenseNet-121 as the backbone architecture owing to
its efficient feature reuse and parameter economy, characteristics that
are advantageous for THz B-scan classification where subtle structural
variations may occur across multiple depth layers [42]. The dense
connectivity pattern, in which each layer receives feature maps from
all preceding layers, supports the preservation of fine-grained details

that might otherwise be diminished in more conventional architectures.
Such properties are beneficial for identifying barely visible impact
damage in composite laminates [45].

DenseNet-121 comprises an initial convolutional layer, followed by
four dense blocks with interleaved bottleneck and transition layers. The
complete architecture includes:

• A 7 × 7 convolution (64 filters, stride 2),
• A 3 × 3 max pooling layer,
• Four dense blocks with [6, 12, 24, 16] layers,
• Three transition layers (1 × 1 conv + 2 × 2 avg pooling),
• A global average pooling layer and a modified classifier.
To meet the objectives of our classification task, the model ar-

chitecture was adapted through specific modifications. The standard
ImageNet classifier, designed for 1000-class recognition, was replaced
with a task-specific head suitable for binary classification of THz B-
scans. The modified classifier consists of a dropout layer followed
by a linear transformation. This adjustment addressed several consid-
erations: (i) the relatively small size of our domain-specific dataset,
requiring regularization to mitigate overfitting; (ii) the need to adapt
features learned from natural images to the characteristics of THz
B-scans; and (iii) the binary nature of the classification task.

The model was implemented using PyTorch [46], retaining the
pretrained ImageNet weights in the feature-extraction backbone to
leverage learned low-level representations such as edges and textures
that remain relevant to THz images. The classifier head is configured
as:

nn.Sequential(
nn.Dropout(0.5),
nn.Linear(in_features=1024, out_features=2)

)

The dropout rate of 0.5 provided regularization appropriate for the
dataset size (2708 images), while the linear layer mapped the 1024 fea-
ture dimensions from DenseNet-121 to the two output classes. This con-
figuration preserved the feature extraction capacity of DenseNet while



tailoring the decision-making component to the binary classification
task.

The choice of DenseNet-121 over alternatives such as ResNet or
VGG is further supported by previous studies in medical imaging, where
datasets are often limited and fine-grained feature discrimination is
required [47]. These conditions are comparable to those encountered
in THz B-scan analysis.

3.3. Training strategies

The dataset of 2708 THz B-scans was split 70:30 into training and
testing sets using a fixed random seed. Details on dataset generation
and distribution are discussed in Section 4.2.

The transfer-learning approach is particularly useful when dataset
size is limited, as in the present study. The models were pretrained
on ImageNet, a publicly available dataset containing over 14 million
labeled images [48], to learn general visual feature representations. The
knowledge acquired during this pretraining was then transferred to the
present classification task, with fine-tuning performed on the smaller,
domain-specific dataset of THz B-scan images. Similar strategies have
been applied in other DL-based NDT studies where annotated datasets
are difficult to obtain. For example, investigations of railroad defects
using ultrasonic B-scan images reported satisfactory performance with
datasets of approximately 1000 images or fewer [49–51] While perfor-
mance generally improves with larger datasets, the results presented in
this work demonstrate the efficacy of transfer learning.

In total, 2708 B-scan images were used: 1492 from undamaged spec-
imens and 1216 from damaged ones, corresponding to a 55:45 class dis-
tribution. Although the imbalance is relatively minor, a
WeightedRandomSampler was applied during training to ensure
equal representation of both classes. Sampling weights were assigned
inversely to class frequencies, giving proportionally greater weight to
the minority (damaged) class.

Given the dataset size, class balancing, and use of an ImageNet-
pretrained model, a single train-test split, combined with data augmen-
tation (random flips, rotations, and color jitter), was sufficient to ensure
generalization while keeping training efficient.

The data augmentation procedure was applied on-the-fly during
training, thereby increasing dataset variability without generating addi-
tional image files. The total number of images therefore remained 2708,
while random variations were introduced at each epoch. Augmentation
was implemented in PyTorch using the transforms module. Horizon-
tal and vertical flipping were applied with RandomHorizontalFlip
and RandomVerticalFlip. Images were randomly rotated within
±30◦ range using RandomRotation(30). Additional variability was
introduced through color adjustments by applying ColorJitter
(brightness = 0.2, contrast = 0.2,saturation = 0.2,
hue = 0.2).

Training was performed using the Adam optimizer [52] with an
initial learning rate of 1×10−4 and weight decay of 1×10−4. A scheduler 
reduced the learning rate by a factor of 0.1 every 10 epochs. The loss
function was cross-entropy [53], appropriate for binary classification.

We applied early stopping with a patience of 10 epochs and capped
training at 100 epochs. Training loss was monitored at each epoch to
ensure convergence and avoid overfitting.

4. Dataset generation and labeling strategy

4.1. Overview of the implemented strategy

As a supervised learning task, the classification of THz B-scans
required a labeled dataset in which each sample was annotated ac-
cording to its actual structural condition. For this purpose, each B-scan
was compared with an X-ray 𝜇CT image acquired at the same cross 
section to determine whether the region contains visible damage. The

Fig. 11. Dataset generation process: (a) THz scanning data structure; (b) near-
surface C-scan used to localize the impact site; (c) extracted B-scan image;
(d) corresponding X-ray 𝜇CT image used for labeling; (e) additional B-scans
generated by lateral sectioning; (f) B-scans generated by angular slicing around
the impact location.

X-ray 𝜇CT images served as ground truth for supervised training and 
evaluation.

The labeling of B-scan images was conducted in accordance with es-
tablished codes and guidelines for composite pressure vessel inspection.
Images were annotated as damaged if the corresponding X-ray 𝜇CT 
cross-section revealed features such as cracks, delaminations, fiber rup-
tures, or surface protrusions (pimples), as these violate the acceptance
criteria outlined in ASME BPVC Section X [22]. In addition, B-scans
displaying dent-like indications on the side opposite the impact were
also labeled as damaged, as such features warrant rejection under the
CGA C-6.2 standard for high-pressure composite cylinders [23]. All
other images without those features were labeled as undamaged.

To generate a large amount of data from a single measured speci-
men, B-scans were created by extracting cross sections within a narrow
range around the impact center. Subsequently, the B-scans were sec-
tioned at different intervals, provided that the damage was included
within the B-scan section. This overall procedure is illustrated in Fig.
11.

The THz scanning data form a data cube consisting of two spatial
dimensions (𝑥, 𝑦) and time delay, as illustrated in Fig.  11(a). From 
this dataset, both C- and B-scans can be reconstructed. Given that
low-velocity impact generates a damage zone of finite spatial extent,
and that the lateral resolution is defined by the scan step size (here,
0.3 mm; transverse optical resolution is similar), multiple B-scans can
be extracted that intersect the damaged volume.



Using the C-scan at the front surface Fig.  11(b), the impact location
is estimated. To maximize the likelihood of including the damaged re-
gion, cross-sectional planes are selected within a narrow offset window
around this center point, denoted 𝛥𝑥 and 𝛥𝑦.

Each selected B-scan was compared by eye to the corresponding
X-ray 𝜇CT cross section to ensure accurate labeling, as shown in Fig. 
11(c) and (d). To further increase data diversity and representation,
smaller sections of each B-scan–centered on the region of interest–were
extracted [Fig.  11(e)]. This approach removed irrelevant areas far from
the impact center and yielded additional training samples per specimen.

In addition to lateral slicing, B-scans were also generated by rotating
the cross-sectional plane about a point near the impact location, as
indicated by the angle 𝜃 in Fig.  11(b). This angular slicing, illustrated in 
Fig.  11(f), provided an alternative angular view of the internal structure
and damage, potentially improving generalization in the classification
model.

4.2. Quantitative description of B-scan slicing

As outlined in the previous section, B-scan images were generated
using two approaches: lateral slicing and angular slicing.

In lateral slicing, B-scans were obtained on planes along the 𝑥- and 
𝑦-axes, referring to the axis designation shown in Fig.  11(a). The cross-
sectional planes that contained damage were those in the vicinity of the
impact point, annotated as 𝛥𝑥 and 𝛥𝑦 in Fig.  11(b). These widths were 
determined by the size of the perceptible damage. Since the scanning
resolution was uniform across all measurements (0.3 mm), the number
of B-scans with visible damage indications depended on the extent of
the damage.

The scanning area was 30 mm × 30 mm, as stated earlier in
Section 2.2, thus each B-scan spanned 30 mm [Fig.  11(c)]. However,
the impact only affected a limited region within that span. Therefore,
it was sufficient to isolate a smaller section of the B-scan that included
the damaged area. In this work, we used 10-mm sections of B-scans as
training samples. Furthermore, the impact location did not necessarily
need to be centered for an image to qualify for the damaged class.
In other words, an image was assigned to the damaged class if the
impact signature was present, regardless of its position. Consequently,
the 10-mm sections could be shifted sideways, generating positional
variations while still encompassing the impact point. An example of this
sectioning technique is illustrated in Fig.  11(e), which shows several
10 mm sections with lateral offsets, all belonging to the damaged class
since they contain impact indications.

Through this procedure, multiple images of the damaged class were
extracted from a single sample. For instance, referring to Table  4, based
on the measured size of the indentation crater in the sample impacted
at 5.42 J, a width of 1.8 mm was taken for 𝛥𝑥 and 𝛥𝑦. With a scanning 
resolution of 0.3 mm, that width covered 7 cross-sectional planes,
hence 14 planes for both directions. From each full-span (30 mm) B-
scan, 8 smaller 10 mm sections were extracted, as described earlier.
Thus, 112 images (8 sections from each of 14 full-span B-scans) of
the damaged class were obtained from this sample. When the induced
damage was larger, as in the case of the 9.24 J sample, 𝛥𝑥 and 𝛥𝑦
were wider (3.3 mm), yielding 24 planes and thereby 192 (24 × 8)
images. For the nonimpacted samples, 10-mm sections were extracted
from random locations, but at least 20 mm away from the edges to
avoid cutting artifacts. These were considered nondefective and labeled
as the undamaged class.

Rotational slicing was performed by taking a 10-mm section plane
with its centerline passing through the impact point. The plane was
then rotated 180◦ about the centerline at intervals of 2◦, generating 90
images of the damaged class for each impacted sample. This way, the
resulting images contained the impact indication at or near the center.
Images of the undamaged class were obtained in the same manner,
except that the center points (rotation axis positions) were chosen at

Fig. 12. Truncation of B-scans to exclude the front surface reflection: (a)
original (full image) B-scan; (b) truncated image retaining only subsurface
structure.

arbitrary locations on the non-impacted samples, provided they were
at least 20 mm away from the edges.

In this work, a total of 3108 images were generated using the above
methods. Of these, 2708 images were used for training the model, and
400 were reserved as a held-out dataset for final independent evalu-
ation. The held-out dataset was completely set aside during training
and used only after the model was fully developed. Thus, the held-out
images served as new data that had never been seen by the model,
preventing biased predictions due to data leakage.

4.3. Exclusion of front surface reflections in B-scan images

A common feature in the B-scan obtained by THz TOFT is a high-
amplitude reflection corresponding to the front surface. In the impacted
region, this may be manifested as an indentation profile that could
serve as a strong damage indicator. Such surface features, however, can
also arise from unrelated phenomena, such as manufacturing artifacts
or surface contamination. Since this study focuses on detecting struc-
tural damage that may not affect the front surface, such as subsurface
or backside deformation, it is important to examine the classifier’s
performance without relying on the front surface profile.

To this end, an alternative dataset was created by spatially truncat-
ing each B-scan to exclude the front surface reflection. The resulting
truncated images begin at the estimated interface of the second layer,
emphasizing back-surface and internal features. This process is illus-
trated in Fig.  12 for several samples. This dual dataset, comprising
full and truncated B-scans, enables evaluation of the classifier’s ability
to detect damage based on internal features alone. It also reflects a
realistic use case for nondestructive inspection of regions that are not
externally accessible, such as the inner wall of a composite pressure
vessel.

5. Classification results and discussion

5.1. Model performance evaluation

We first evaluate the model’s learning dynamics using training
loss curves (Fig.  13) for both full and truncated B-scan datasets. For
both datasets, the training loss decreases rapidly in the initial epochs.
The truncated-image dataset, however, exhibits slower convergence,
requiring more epochs to reach the early stopping criterion, defined
as no improvement in loss for 10 consecutive epochs.



Table 4
Summary of dataset composition with lateral and rotational slicing.
Impact energy (J) Width 𝛥𝑥, 𝛥𝑦 (mm) Lateral slicing images Rotational slicing images Training images Held-out images Class label
No impact – 850 540 1340 50 Undamaged
4.39 1.8 112 90 152 50 Undamaged
5.42 1.8 112 90 152 50 Damaged
6.10 2.1 128 90 168 50 Damaged
7.16 2.7 160 90 200 50 Damaged
8.21 3.0 176 90 216 50 Damaged
9.24 3.3 192 90 232 50 Damaged
11.15 3.6 208 90 248 50 Damaged

Total images 2708 400

Fig. 13. Training loss evolution over epochs for full and truncated image datasets.

This behavior is attributed to the absence of the indentation profile
in the truncated images, which likely reduces the salience of impact-
related features during training. The full-image dataset contains the
front surface reflection and indentation pattern, which may serve as a
dominant visual cue for impact damage. In contrast, the truncated im-
ages dataset removes this feature, forcing the model to rely instead on
structural anomalies in internal or back-surface regions. This increases
the complexity of the learning task and affects the convergence rate,
though not substantially degrading final performance.

The confusion matrices in Fig.  14 demonstrate effective classifica-
tion for both datasets with DenseNet-121 model. Each matrix represents
an example taken from a testing instance, and the results remain
consistent over multiple trials as reflected in the statistics of model’s
performance shown in Fig.  15.

High true positive (TP) and true negative (TN) rates are observed,
indicating that the model reliably distinguishes between damaged and
undamaged regions. Although training on truncated images results
in slower convergence, the model retains strong classification perfor-
mance, suggesting robustness to the removal of superficial features.

To quantitatively assess performance, the model is evaluated using
standard classification metrics: accuracy, precision, recall, and F1-
score. These are computed based on the confusion matrix, where TP
represents correctly classified damaged samples, TN denotes correctly
classified undamaged samples, FP (false positive) indicates undamaged
samples incorrectly classified as damaged, and FN (false negative)
corresponds to damaged samples incorrectly classified as undamaged.
The metrics for both datasets are shown in Fig.  15, showing the mean
values of the performance parameters of 5 test runs with error bars that
represent the corresponding standard deviation. The chart shows that
there is only a small difference in all performance metrics between the
full B-scan dataset and the truncated one.

Accuracy, defined as

Accuracy = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

, (2)

reflects the model’s overall ability to correctly classify both damaged
and undamaged samples. High accuracy is observed for both datasets,
with a slight decrease (0.3%) for the truncated images. This result
confirms that the CNN can identify structural damage using internal
and back-surface features alone, a desirable property for practical
applications such as in-situ inspection of inaccessible regions.

Precision, given by

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, (3)

measures the proportion of correctly identified damaged samples
among all samples predicted as damaged. High precision is important in
applications where false positives may result in unnecessary repairs or
part rejection. Precision values are 97.0% for full images and 95.5% for
truncated images, showing minimal degradation when the front-surface
features are excluded.

Recall, or sensitivity, is defined as

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, (4)

and quantifies the model’s ability to correctly identify all damaged
samples. This metric is particularly important in safety-critical ap-
plications, where missed detections (false negatives) may result in
undetected structural degradation and subsequent failure in service.
In NDE, especially for pressure vessels and safety-critical composite
components, maintaining a high recall reduces the likelihood of over-
looking subsurface or backside damage that may not present visible
surface indications. In this study, the model achieved a recall of 97.2%
on full images and 96.6% on truncated images, corresponding to a
slight decrease of 0.6% when the front surface reflection is excluded.



Fig. 14. Confusion matrix from a testing instance on (a) full B-scan images and (b) truncated B-scan images.

Fig. 15. Classification performance metrics for full and truncated B-scan datasets.

This result demonstrates that even when deprived of the most visually
prominent damage cue (the indentation), the classifier remains highly
sensitive to internal structural anomalies, confirming its relevance for
inspecting inaccessible regions.

F1-score, defined as

F1-score = 2 × Precision × Recall
Precision + Recall , (5)

provides a single metric that balances precision and recall, offering
insight into the model’s ability to avoid both false positives and false
negatives. This is especially useful when considering the dual cost
of misclassification; false positives may result in unnecessary repair
or part rejection, while false negatives could allow critical damage
to go undetected. Even in a dataset with relatively balanced class
distribution, the F1-score offers a robust measure of the classifier’s
reliability under operational constraints. In this study, the F1-scores for
full and truncated datasets are both high and closely aligned, reflecting
the model’s ability to generalize across different types of image input
and its robustness in identifying damage signatures that are not limited
to superficial features.

Considering that the specimens were subjected to different impact
energies, it is important to evaluate how damage severity influences
classifier performance. To this end, inference tests were conducted us-
ing 100 B-scan images for each impact energy level. These images were
entirely unseen during model development. The tests were performed
on full B-scan images; however, as discussed earlier, comparable per-
formance is expected for truncated images. The results, grouped by
impact energy, are shown in Fig.  16. They indicate that model accuracy
increases with higher impact severity, consistent with the presence
of more pronounced and distinguishable indications. In addition, the
100% recall observed for the 0 J (non-impacted) group confirms the
validity of the control condition, since no false negatives could occur
in this baseline case, i.e. the dataset contained no damaged samples
that could be misclassified as undamaged.

In summary, the classifier achieves robust performance for both
full and truncated B-scans. Although convergence is slower without
the front-surface reflection, the final performance is comparable. This
supports the use of internal and back-surface features for reliable
damage detection and highlights the potential of the proposed approach



Fig. 16. Performance metrics for each impact energy level, tested on full B-scan images. Values are averaged over five runs, with standard deviations below
1% for all parameters. Accuracy increases with impact severity, and the 0 J group (non-impacted specimens) shows 100% recall, as expected for the control
condition.

for inspecting regions that are not externally visible, such as the inner
surfaces of pressure vessels.

5.2. Interpretation of classification results

As shown in the confusion matrices (Fig.  14), the DenseNet121-
based classifier achieves consistent and accurate predictions across both
the full- and truncated-image datasets. To further assess the model’s
decision-making process, a subset of B-scans from the test set is vi-
sualized alongside the corresponding X-ray 𝜇CT images in Figs.  17
and 18 for full images and truncated images, respectively. Each row
displays the input B-scan, the model’s binary prediction, and the X-ray
𝜇CT cross-section serving as ground truth. This comparison enables a 
direct qualitative evaluation of the model’s predictions with respect to
internal structural conditions.

Note that the comparison with X-ray 𝜇CT images here is only to val-
idate the classifier’s prediction results and confirm its accuracy. Once
validated, the trained classifier enables reliable damage recognition
solely based on THz B-scan images, eliminating the need for X-ray 𝜇CT 
imaging.

In all examples, the horizontal field of view spans 10 mm. The
vertical axis of the X-ray 𝜇CT images is presented with the same aspect 
ratio as the horizontal axis, corresponding to the nominal composite
thickness of 1.95 mm. In contrast, the vertical axis of the THz B-
scans is stretched to improve visibility of time-domain reflections. Layer
numbering throughout this analysis follows the convention that the
impacted surface is designated as Layer 1 and the back surface as Layer
4.

Fig.  17(a) presents a B-scan obtained from a sample impacted at
11.15 J. The classifier correctly identifies the sample as damaged. The
X-ray 𝜇CT image reveals severe damage including fiber breakage and 
crack propagation extending from the back surface towards the front.
This failure mode, typical of low-velocity impact-induced bending, is
well known to initiate from the tension side (back surface) and progress
towards the point of load application [54]. The ability of the model to
recognize this multilayered damage pattern confirms its effectiveness
in capturing spatially distributed structural anomalies.

At an intermediate impact energy of 6.10 J (Fig.  17(b)), the clas-
sifier again successfully predicts the presence of damage. Here, the
X-ray 𝜇CT image reveals localized deformation at the back surface 
and delamination below the fourth ply. Although the damage is more
limited in extent, it still violates structural integrity criteria due to
the presence of noticeable deformation on the back surface. This back

surface, in the practical case of a pressure vessel subject to external
impact, would be on the inner side that is not easily accessible for visual
inspection. The classifier’s success in detecting this type of damage
demonstrates its sensitivity to single-layer damage.

Fig.  17(c) presents a case where the specimen, impacted at 4.39
J, shows no internal damage according to the X-ray 𝜇CT image. Al-
though a surface indentation is present, no structural discontinuities
are detected in the interior. The classifier correctly labels this sample
as undamaged, consistent with the inspection guidelines, as there are
no fiber ruptures and debond of the laminate [22], as well as internal
(back-side) deformation [23]. It highlights the classifier’s ability to
distinguish between benign surface features and internal failures. In
another example, Fig.  17(d), a B-scan extracted 22 mm away from the
impact site is also correctly classified as undamaged, as confirmed by
the X-ray 𝜇CT image. These cases demonstrate the model’s low FP rate 
and its capacity to learn spatial localization of impact damage.

Similar observations are made for the classification results obtained
using the truncated image dataset, as illustrated in Fig.  18. In these
cases, the reflection peak from the front layer–presumably a prominent
feature used by the classifier to detect anomalies–is absent. The exclu-
sion of this feature alters the input representation, potentially affecting
how the model identifies damage. It is important to note that surface
indentation on the front layer does not always correlate with internal
structural damage. This is exemplified in Fig.  17(c), corresponding to a
low impact energy of 4.39 J, where a visible minor indentation on the
front surface is present in the B-scan image, yet no subsurface damage
is observed.

These results confirm that the classifier does not rely solely on
surface reflections or the presence of indentation. While the front
surface may provide useful cues, it can also be misleading in cases
where surface features do not correlate with internal damage. The
model instead learns to identify the characteristics of spatiotemporal
patterns associated with impact-induced failure mechanisms, such as
delamination, back surface deformation, and interlayer discontinuities,
thus offering a more reliable indicator of structural integrity.

In summary, the successful classification of both full and truncated
B-scan images highlights the robustness of the proposed method. The
model demonstrates strong generalization to different damage depths,
supporting its applicability for NDE of critical composite components,
including regions not accessible to conventional visual methods. In
addition, once the model is fully developed, running prediction on a
single image takes less than one second on a standard PC (e.g., Intel®
Pentium® Gold G5420 CPU @ 3.80 GHz with 16 GB RAM).



Fig. 17. Examples of correct predictions using full B-scan images. Each row shows the THz B-scan (first column), model prediction (second column), and ground
truth from X-ray 𝜇CT (third column).

5.3. Comparison with other CNN architectures

It has been demonstrated in the preceding sections that DenseNet-
121 achieves high classification accuracy. To establish the general
performance figure of transfer learning for this work, other CNN ar-
chitectures are evaluated, namely VGG-16, ResNet-50, GoogleNet, and
Efficientnet. The handling, transformation, and augmentation of the
datasets are maintained identical for all the training instances of those
architectures.

While the performance metrics vary across architectures, all tested
models yield convincing results, with accuracies around or in excess of
90%, as shown in Fig.  19(a) and (b) for training on full and truncated
images, respectively. Each algorithm is tested for 5 runs and the scores
shown above the bars indicate mean values of the obtained perfor-
mance metrics. The standard deviations are between 0.3 and 0.5% in
all cases, suggesting the repeatability and reliability of the models. A
similar trend is observed in most architectures, where metric scores
are slightly higher for full images compared to truncated ones. The
exception is VGG-16, where the tendency is reversed. Nevertheless,
the differences among the best-performing architectures are subtle,

suggesting comparable effectiveness regardless of the presence of the
first-reflection feature in the B-scan images.

Further optimization could certainly improve the performance of
individual architectures. This comparison, however, is not intended to
scrutinize each CNN algorithm, which is a task beyond the scope of
this paper. Rather, it serves to validate that THz image classification
via transfer learning is a robust approach, as evidenced by consistently
high accuracy across diverse classifier architectures.

A directly comparable study on impact damage detection using THz
B-scan images is not readily available in the literature. However, trans-
fer learning has been applied successfully in other composite NDE tasks,
yielding high predictive performance. For example, Gulsen et al. [55]
investigated defect recognition in composites using ultrasonic C-scan
surface images and reported high performance with VGG, DenseNet,
and ResNet models, with DenseNet-121 achieving an accuracy of up
to 98.8%. Such high accuracy is attainable partly because detecting
surface defects is generally less complex than identifying subsurface
defects, as attempted in the present work, where ultrasound has proven
insufficient. The relatively stronger performance of DenseNet-121 com-
pared to other models in that study is consistent with our findings on
THz B-scan classification



Fig. 18. Examples of correct predictions using truncated B-scan images.

A related study [56] examined delamination detection in composites
using ultrasonic B-scan images, an imaging modality similar to our
approach, where a ResNet-50–based model achieved an accuracy close
to 99%. That investigation, however, addressed only a single defect
mode, delamination, which is relatively well defined, whereas the
present study focuses on impact damage that may involve multiple,
morphologically complex defect modes. Furthermore, in [56] the inves-
tigated layup exhibited a minimum interlayer spacing of about 1 mm,
making feature discrimination more straightforward than in the current
material, where the nominal ply spacing is only 0.5 mm and requires
correspondingly finer depth resolution.

Although no closely comparable case exists in the literature, the
demonstrated effectiveness of transfer learning across other NDE modal-
ities supports the validity of the present results and underlines the
novelty of applying this approach to THz B-scan data for impact
damage detection.

6. Conclusions

6.1. Concluding remarks

This study confirms that low-velocity impacts can produce barely
visible damage in glass fiber-reinforced polyamide laminates, poten-
tially compromising structural performance under subsequent loading.
Reliable detection of such damage is essential in engineering applica-
tions where safety margins and operational reliability are critical. To
address this challenge, we have presented an inspection method that
combines terahertz time-of-flight tomography with deep learning-based
classification of depth-resolved cross-sectional images.

The output of this approach is a binary assessment, either damaged
or undamaged, directly applicable to pass–fail inspections for quality

control and periodic maintenance. In such contexts, the presence of
damage beyond a defined threshold may be sufficient to justify part
rejection, regardless of the precise failure mode. This renders the
method suitable for implementation in industrial workflows where
speed, reliability, and automation are required.

The method was developed and validated on thermoplastic lami-
nates composed of woven glass fibers embedded in a polyamide 66
matrix. These materials are of interest in structural applications due
to their energy absorption capacity and processability. Although the
experimental campaign focuses on flat specimens, the method is trans-
ferable to curved or tubular geometries typically encountered in compo-
nents such as pressure vessels and pipelines. The approach is applicable
to component- and structure-level inspection of cylindrical tanks, fuse-
lage elements, or pressure housings, where internal access is restricted
and depth-resolved information is required for reliable defect detection.

By leveraging the depth-resolved structural information provided by
terahertz imaging, the proposed approach enables detection of internal
damage patterns that span multiple plies and may be invisible to con-
ventional surface-based inspection methods. Classification performance
was validated using co-located X-ray 𝜇CT, which provided ground 
truth for training and evaluation. Once trained, the classifier reliably
detected damage using THz imaging alone, eliminating the need for
additional X-ray scans or expert interpretation during deployment. This
facilitates integration into quality assurance pipelines without reliance
on supplementary techniques and supports compliance with standards
such as ASME BPVC Section X and CGA C-6.2 for pressure vessel
requalification. The use of standardized criteria for damage annotation
enhances confidence in the model’s practical utility and promotes
future adoption in regulated inspection workflows, while recognizing
that penetration depth is material dependent and imposes application-
specific limits. Notably, the classifier maintained strong performance



Fig. 19. Performance of various CNN architectures trained on (a) full images and (b) truncated images. The values shown are mean values from 5 testing runs,
with standard deviation between 0.3 and 0.5%.

even when surface features were excluded from input, underscoring
its effectiveness for detecting internal and back-side damage as key
concerns in safety-critical applications.

These results demonstrate that combining terahertz imaging with
data-driven classification enables robust and automatable inspection
of composite structures. The method offers a practical alternative to
traditional inspection techniques, particularly where access is limited
or where non-contact evaluation is preferred.

6.2. Future works

The work presented in this paper focuses on flat-plate composite
specimens, but the underlying concept is transferable to curved struc-
tures such as pipes and pressure vessels. This can be achieved by
equipping the scanning system with a curve-following mechanism, for
example by mounting the emitter and receiver on a rotation gantry
moving coaxially with the object’s curvature. Conventional rotational
scanning systems can serve this purpose, maintaining the probe–object
distance while acquiring measurements under quasi-normal incidence.
In addition, current automation technologies enable similar measure-
ments on objects with more complex geometries through the use of
multi-degree-of-freedom robotic arms [57,58].

lt should also be noted that the present approach is based on flat
plates with uniform nominal thickness. In practice, many engineering
components contain regions with intentional or fabrication-induced
thickness variations that do not compromise structural integrity. Ex-
amples in pipelines and pressure vessels include grooves, seal seats,

threads, fitting ends, and joints with added material for reinforcement.
Special care is therefore required when interpreting results in such
areas.

The findings and model performance reported in this study repre-
sent a proof of concept with potential for industrial implementation.
The next step is to establish a standardized procedure and integrate
the THz scanning system with a computer executing the classification
task through a streamlined data feed. In this configuration, B-scans
generated from each scan index can be transferred and analyzed as the
measurement progresses, enabling real-time decision-making during in-
spections. The THz system used in this study is already of portable size,
making it suitable for transport and on-site use. Portable THz imaging
systems have previously been demonstrated in both industrial [59]
and cultural heritage applications [60]. With further refinement of
the workflow and integration of the trained classifier into the system,
a practical route towards real-time, on-site inspection in industrial
environments can be established.

While THz imaging offers distinct advantages, limitations remain.
Penetration depth is strongly material dependent and must be consid-
ered to ensure suitability for the intended application. For GFRP, a
practical upper limit of approximately 5 mm has been reported [61,62].
Although this thickness is sufficient for applications such as automotive
panels, aircraft skins, and composite overwrapped pressure vessels,
further developments in high-power sources and low-noise detection
could extend the applicability of THz techniques to thicker materials.

Another challenge arises from the computational requirements of
deep learning models. Training and inference demands increase with



dataset size and image resolution, and may necessitate high-
performance computing resources, adding complexity and cost. Con-
tinued optimization of model architectures will therefore be important
to achieve efficient, low-resource classifiers and to support the practical
deployment of THz-based inspection techniques.

Future work will focus on extending this framework to multiclass
damage identification, adapting it to additional composite systems,
integrating it with real-time scanning systems for inline inspection in
manufacturing and maintenance environments, and optimizing model
architectures to ensure efficient deployment.
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